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Abstract
The deployment of generative AI models within automotive systems is fundamentally con-
strained by the limited computational resources, memory capacity, and energy budgets of
in-vehicle hardware. A companion article examined the scalability challenges, current ap-
plications, and evolving E/E architectures that frame this problem. The present paper builds
on that foundation by providing an in-depth survey of model compression and optimization
techniques that enable the deployment of large neural networks on resource-constrained
automotive platforms. We first present an overview of deployment strategies including edge
computing, hardware selection, optimized inference frameworks, AI compilers, dedicated
accelerators, and knowledge distillation. We then conduct a detailed review of three core
compression methodologies: pruning (both with and without retraining), quantization (post-
training and quantization-aware approaches for both vision and language models), and low-
rank tensor decomposition (including Canonical Polyadic, Tucker, Tensor Train, and Tensor
Ring methods, as well as Neural Architecture Search-based compression). The techniques
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were evaluated by analyzing the underlying principles, reviewing the current available meth-
ods, and discussing how the techniques can be used for particular situations in an automo-
tive environment. By using a comparative analysis, trade-offs between compression ratio,
speedup for inference, accuracy maintained, and hardware compatibility were all evaluated
together so that some conclusions could be drawn. The results of this evaluation provide
evidence that multiple compression techniques should be used in combination to achieve the
best opportunity for deploying generative AI in real time within an automotive environment.
We identify this as an open research direction for the automotive AI community.

Keywords: Automotive AI, Generative AI, Knowledge distillation, Low-Rank approxima-
tion, Model compression, Neural network pruning, Quantization

1. INTRODUCTION

The automotive industry is experiencing a major transformation as a result of integrating AI into
vehicles. Generative AI like LLMs, Diffusion Models for Image and Video Synthesis, and Vision-
LanguageModels have the potential to revolutionize autonomous driving, cabin interactions, predic-
tive maintenance, and synthetic data generation. Nonetheless, deploying these models on vehicles
faces major challenges regarding computational power impact, memory footprint, energy consump-
tion, and real-time latency requirements. Addressing these challenges is especially timely: the
automotive sector is moving rapidly toward centralized, high-performance compute platforms and
software-defined vehicles, yet the on-board hardware available for AI inference remains orders of
magnitudemore constrained than the data-center hardware on which generative models are typically
trained. Bridging this gap is therefore a prerequisite—rather than an optional enhancement—for
bringing generative AI capabilities into production vehicles, which motivates the focused study of
model compression presented in this paper.

The previous article [1], addressed how generative AI can be scaled up for automotive applications
and what it currently looks like in terms of application use (current generation systems). It also
looked at the state of electrical/electronic architectures as they relate to generative AI integration.
As a result of our research, we determined that there is a major structural road block to creating AI
enabled vehicles; The structural view of new vehicles is being created by means of a combination
of centralized computing paradigms and software defined vehicle (SDV) architectures however the
models used to create generative AI models will still require significant compression and optimiza-
tion prior to being able to operate with automotive resources.

This paper attempts to fill the gap between today’s best generative models (specifically those de-
ployed to the automotive edge) and the additional constraints involved in those deployments by
identifying and discussing model compression and optimization strategies. We will review and
describe three main classes of techniques that reduce both the size and inference cost of these
models while maintaining acceptable performance on the original tasks – pruning, quantization, and
low-rank tensor decomposition. Each of these techniques addresses a different aspect of model com-
plexity; when combined together, they represent a very powerful set of tools/techniques available to
automotive AI engineers. We also review complementary deployment strategies—edge computing,
hardware selection, optimized inference frameworks, AI compilers, dedicated accelerators, and
knowledge distillation—which form the operational context for compression techniques.
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The main contributions of this paper are as follows. First, we provide a structured overview of
system-level deployment strategies—edge computing, hardware selection, optimized inference frame-
works, AI compilers, dedicated accelerators, and knowledge distillation—that establish the opera-
tional context for automotive AI. Second, we present a detailed, automotive-oriented survey of
three core model compression families: pruning, quantization, and low-rank tensor decomposition,
explicitly linking individual methods to in-vehicle use cases. Third, we provide a comparative
analysis that distils the trade-offs among compression ratio, inference speedup, accuracy retention,
and hardware compatibility into practical guidance for deployment. Finally, we identify open
research challenges specific to the automotive domain—including safety validation of compressed
models and the absence of a unified benchmarking framework—that we hope will guide future
work.

The remainder of this paper is organized as follows. Section 2 reviews deployment strategies for
automotive AI. Sections 3, 4, and 5 survey pruning, quantization, and low-rank decomposition
respectively. Section 6 provides a comparative analysis, Section 7 discusses future directions, and
Section 8 concludes.

2. DEPLOYMENT STRATEGIES FOR AUTOMOTIVE AI

Before applying model-level compression, several system-level strategies improve deployment ef-
ficiency. This section provides a brief overview of six complementary strategies that form the
operational foundation for automotive AI deployment.

2.1 Edge Deployment

DeployingAImodels at the edge—directlywithin vehicle hardware rather than on cloud infrastructure—
minimizes communication latency and enhances real-time performance for safety-relevant appli-
cations. Edge deployment also improves data privacy by keeping sensitive sensor data within the
vehicle. The trade-off is that edge hardware imposes strict constraints onmodel size and throughput,
making the compression techniques discussed in subsequent sections essential.

2.2 Hardware Selection and Adaptation

Selecting an appropriate hardware platform (e.g., CPU, GPU, NPU, or specialized accelerator)
significantly affects inference performance. It is important to perform systematic benchmarking
across proposed platforms in order to identify optimal deployment configurations. In addition,
adapting model architectures to take advantage of hardware-specific parallelism could result in
significant improvements to performance beyond those provided by software-level optimization
alone.
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2.3 Optimized Inference Frameworks

Deployment efficiency is not optimized in training frameworks like TensorFlow or PyTorch. For
example, running amodel that has already been trained through a purpose-built inference framework
likeNVIDIATensorRT orOpenVINO, TFLite will provide an increase in throughput while reducing
latency due to various hardware-specific operations fused together, optimized for different memory
layouts, and/or precision calibrated.

2.4 AI Compilers

AI compilers automatically transform trained models into highly-optimized machine code for spe-
cific hardware. Compilers create intermediate representations (for example, ONNX) containing
optimized versions of the model, including fused-operations, constant-folding, and scheduling of
memory accesses. To get the best results from a compiler, one needs to understand two things: 1 -
The architecture of the AI model; and 2 - The capabilities of the AI compiler, which may require
modifying parts of the model (for example, replacing unsupported activation functions) in order to
generate the most efficient results possible.

2.5 Dedicated Accelerators

General-purpose processors cannot compete with a dedicated AI accelerator, like NVIDIA’s Jetson,
that includes an integrated image processing unit (IPU) or dedicated neural network (NN) inference
processor. An AI accelerator can support NN inference rates much higher than general-purpose
processors while consuming a fraction of their power.

2.6 Knowledge Distillation

Knowledge distillation [2], trains smaller studentmodels to imitate larger teachermodels by utilizing
soft probability distributions instead of using hard labels to convey richer amounts of information
related to how they relate to one another outside of their class. In addition, the student architecture
may be designed to reflect the computational profile of the hardware being used in the vehicle
and, therefore, can be very beneficial for automotive deployment. However, careful consideration
must be given when choosing an appropriate student architecture, training process, and knowledge
transfer method, to achieve a successful outcome.

3. PRUNING TECHNIQUES

Pruning techniques decrease how many parameters exist in a neural network through the elimi-
nation of parameters from a model’s weight, neuron, or structural elements. The idea is that the
vast majority of the parameters of modern models are over-parameterized, and therefore, can be
safely removed at all levels without adversely affecting model performance. Pruning methods are
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different based on two key characteristics; granularity (structural versus unstructured) and retraining
requirements. In an automotive context, pruning is particularly attractive for in-vehicle language
assistants and perception models, where structured pruning yields compact networks that run on
the general-purpose ECU and domain-controller hardware already present in vehicles, without the
specialized sparse-compute units that unstructured pruning would otherwise require.

Structured pruning removes groups of parameters (e.g., filters, channels, attention heads, or trans-
former blocks) and consequently produces a smaller model that may be executed on a general-
purpose machine. With unstructured pruning, individual weights (e.g., each weight is one parame-
ter) are removed, thereby resulting in sparse matrices that require specialized hardware or software
libraries to realize practical speedup. Conventional methods are necessary for retraining in order to
regain lost accuracy and, thus, necessitate a significant computational expense in the case of large
language models (LLMs) or diffusion models. Additionally, some newer methods have shown
effective pruning with no required retraining, thereby achieving significantly lower costs.

3.1 Pruning Without Retraining

Retraining-free pruning methods offer cost-efficient alternatives for practitioners with access to
consumer or data-center GPUs such as the NVIDIA V100 [3].

3.1.1 WANDA

The authors of [4], use input activation norms and weight magnitudes to calculate the ”importance”
of the weights, examining each output for the magnitude per weight of all inputs’ activations.
WANDA creates a sparse network without requiring retraining, while providing much better per-
formance than conventional pruning based on weight magnitude. WANDA has better zero-shot
performance than other pruning techniques. Finally, the authors showed that larger sparsely con-
nected networks will generally outperform smaller, densely connected networks; therefore, this is
a significant finding for deployment in the automotive industry, where the ability to ”scale” across
broad capabilities is important.

3.1.2 BONSAI

BONSAI [5], is a structured pruning method that does not use gradients to evaluate the importance
of each sub-module, instead using only forward pass to derive the importance with almost no
additional memory overhead compared to baseline inference. The authors recommend iteratively
pruning models, and fine-tuning the model afterwards using LoRA-based [6], methods to recover
any performance lost due to pruning. Similar to WANDA, BONSAI-pruned models also have
demonstrated robust zero-shot capabilities.
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3.1.3 FLAP

FLAP [7], is a structured pruning method that does not require retraining. The baseline bias com-
pensation mechanism is the key innovation that prevents output feature map damage due to pruning
in FLAP. Pruning is possible on multiple layers of the model due to the standardised importance
score comparison method used to determine pruning criteria. This allows FLAP to achieve up to
a 66% inference speedup at a 20% pruning ratio on the LLaMA-7B model, and a 31% speedup
at a 50% pruning ratio. For automotive deployment, the combination of structured output and a
retraining-free workflow makes FLAP well suited to latency-sensitive in-vehicle functions, such
as conversational assistants, where the resulting dense sub-network maps directly onto existing
automotive accelerators.

3.1.4 F3Pruning

F3Pruning [8], targets Text-to-Video (T2V) models. Observational evidence of redundant temporal
attention (TA) having TA values equal to or near zero suggests they can be safely removed from TA
processing and provide reasonable reallocation of TA. As a result, this method prunes redundant TA
weights. The removal of the redundant TAweights achieved a 1.35x speed up and 22% improvement
in FVD quality metric at UCF-101 using CogVideo comparing to not pruning.

3.1.5 ZeroTPrune

ZeroTPrune [9], works in two stages. I-Stage prunes irrelevant tokens (e.g., background regions)
using aWeight Page Ranking algorithm analogous to Google PageRank applied to the transformer’s
attention graph. The S-Stage prunes tokens similar to each other (e.g., repetitive structures). Applied
to DeiT-S [10], ZeroTPrune increases throughput by 45.3% with only 0.4% accuracy loss. Because
automotive driving scenes are typically dominated by large redundant regions such as road surface
and sky, token-level pruning of this kind is especially relevant for transformer-based in-vehicle
perception, where it can raise throughput with negligible impact on detection accuracy.

3.2 Pruning With Retraining

Retraining-based methods typically achieve higher compression ratios and better accuracy retention
at additional computational cost.

3.2.1 Shortened LLaMA

Shortened LLaMA [11], performs depth pruning by removing entire transformer blocks. Block
selection is based on importance scores (Taylor expansion, perplexity). A key finding is that depth
pruning achieves better speedups thanwidth pruning at small batch sizes typical of real-time applica-
tions. For LLaMA-7B, 1.5x speedup is achieved at a 35% pruning ratio. With continued pretraining

6



https://www.oajaiml.com/ | August 2026 Advances in Artificial Intelligence and Machine Learning

(CPT), the pruned Vicuna-7B [12], achieves 1.5x higher average accuracy thanWANDA and FLAP
at pruning ratios over 50%.

3.2.2 LAPTOP-Diff

LAPTOP-Diff [13], compresses diffusion models via layer pruning with a one-shot criterion based
on additivity—the property that a network’s output distortion from multiple perturbations approxi-
mately equals the sum of individual perturbations. Compressing U-Nets of SDXL [14], and SDM-
v1.5 [15], yields only a 4.0% PickScore decline at 50% pruning ratio, compared to 8.2% for com-
peting methods.

3.2.3 LoRAPrune

LoRAPrune [16], addresses compatibility issues between LoRA and existing pruning methods. It
combines LoRAweights with Taylor expansion to estimate weight importance and quantizes frozen
weights to 8-bit for further memory savings. Speedup is proportional to pruning rate ( 50% faster
at 50% pruning), and the method nearly matches LLaMA-7B’s full performance with only a 20%
pruned model.

3.2.4 LLMPruner

LLMPruner [17], is among the earliest task-agnostic structural pruning methods for LLMs. Its two
key elements are a dependency graph for analyzing model structure to identify coherent groups,
and grouped importance estimation for those groups. LoRA is used to implement recovery after
pruning post training. All experiments were performed using NVIDIA RTX 4090 (24 GB) and a
single machine, showing units don’t need special hardware to be used. Model performance is still
around 95% at 20% Pruning.

3.3 Additional Pruning Approaches

The SIMPLE [18], algorithm implements learnable masks with sparsity-inducing penalties upon
some components of a pretrained language model (e.g., attention heads, feedforward networks
(FFNs), hidden dimensions). When compressing those components, SIMPLE employs a causal
distillation objective to minimize fine-tuning errors resulting from compression. Because it has
been demonstrated to be effective in several studies, including those conducted using GPT-2 and
BART/mBART, SIMPLE is applicable in other domains such as language modelling, summari-
sation, and translation. The authors in [19], systematically assess unstructured versus structured
approaches to weight pruning of Transformers and systematically explore hyperparameters involved
in weight pruning, including pruning thresholds, pruning rates, and the number of epochs for retrain-
ing. PuMer [20], is designed specifically for vision-language models and relies on two techniques
to achieve this goal: text-informed pruning, specifically retaining image tokens that are relevant to
text based upon cross-attention, and Modality-aware merging, where semantically similar tokens
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within each modality are combined. Across four vision-language (VL) tasks, PuMer achieves up
to 2× speedup and over 50% memory reduction while maintaining less than 1% drop in accuracy.
ECoFLaP [21], is a two-stage method that first determines the required sparsity ratio using global
importance scores, and second employs local, layer-wise unstructured weight pruning in order to
provide high-sparsity gains for large vision-language models. Finally, GOHSP [22], uses a graph-
based attention head ranking algorithm to identify and optimize heterogeneous structured sparsity
patterns across ViT modules.

4. Quantization Techniques

Quantization ofNeural Networks describes processes that transform amodel from its original floating-
point (FP) model to a more compact fixed-point (FX) model which can potentially compress a
model significantly, but at the cost of accuracy in some cases too. There are two main families of
quantization: Quantization Aware Training (QAT) simulates the error caused by quantizing during
the training phase; the second family, Post-Training Quantization (PTQ), makes the transition to
an FX model from an already trained FP model. This paper will primarily focus on reviewing
PTQ for practical reasons with respect to automotive deployments (there is no need to have training
infrastructure or have the complete training dataset available). Quantization is arguably the most
directly deployable compression family for the automotive domain, because the resulting integer
(e.g., Int8) arithmetic is natively supported by the AI accelerators and embedded SoCs already
used in vehicles, simultaneously reducing memory footprint, inference latency, and energy per
inference—all first-order constraints for in-vehicle hardware.

4.1 General Quantization Frameworks

4.1.1 Comprehensive Quantization Overview

The work in [23], provide generic pipelines for both QAT and PTQ. They argue that PTQ suffices
for 8-bit quantization with near floating-point accuracy and should be preferred when model per-
formance is acceptable; QAT is required only for sub-8-bit quantization with reasonable accuracy.
The authors recommend asymmetric quantization for activations and symmetric for weights, with
per-tensor being most common except when weight distributions vary significantly across channels
(common in depthwise separable layers), where per-channel is advisable. Models suffering large
PTQ degradation may need advanced techniques like Cross-Layer Equalization (CLE) for QAT
initialization.

4.1.2 BRECQ

BRECQ [24], quantizes pretrained weights below 8-bit without retraining. By analyzing second-
order quantization error using Taylor expansion, the method shows this error can be transformed
to layer outputs rather than parameters. Block-wise reconstruction of outputs during PTQ balances
cross-layer dependencymodeling and overfitting avoidance, outperforming layer-wise and network-
wise alternatives. The method uses Fisher Information Matrix calculations and a genetic algorithm
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for mixed-precision search. On ImageNet and COCO, BRECQ achieves state-of-the-art 4-bit and
2-bit PTQ, outperforming some QAT methods while being orders of magnitude faster.

4.1.3 LSQ+ for Low-Bit Quantization

Bhalgat et al. (2020) [25], address low-bit quantization (2–4 bits) for networks with negative-valued
activations such as Swish. Existing methods like LSQ [26], assume unsigned activations, causing
significant accuracy loss. LSQ+ proposes a learnable asymmetric scheme with trainable scale and
offset parameters, plusMSE-based initialization for better stability. For EfficientNet-B0with Swish,
LSQ+ improves over LSQ by 1.6–1.8% at 4-bit and up to 5.6% at 2-bit quantization.

4.2 Quantization Methods for Large Language Models

4.2.1 LLM.int8()

LLM.int8() [27], quantizes LLMs from 16/32-bit to Int8 without performance loss via two comple-
mentarymethods. Vector-wise quantization applies separate normalization constants per row/column,
isolating outlier values. For models exceeding 6.7 billion parameters, mixed-precision decompo-
sition additionally isolates outlier parameters in specific hidden dimensions using FP16, while the
remaining 99.9% of dimensions use Int8.

4.2.2 SmoothQuant

SmoothQuant [28], is a training-free PTQ algorithm that quantizes both weights and activations of
LLMs to Int8, halving memory versus FP16 and accelerating inference via widely supported integer
kernels. Its core innovation is a mathematically equivalent per-channel scaling transformation that
shifts quantization difficulty from activations to weights, making activation quantization tractable
with only a slight increase in weight quantization difficulty.

4.2.3 AQLM

AQLM [29], achieves extreme quantization of LLM weights to 2–3 bits per parameter using multi-
codebook quantization. Each vector in key weight matrices is divided into sub-vectors approxi-
mated via learned codebook vectors; the original weight is reconstructed by selecting and summing
codewords from each codebook. AQLM is the first method that is Pareto-optimal in size-accuracy
trade-off at sub-3-bit quantization, though it is computationally more demanding than other PTQ
methods, which may present challenges for real-time automotive deployment.
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4.2.4 HQQ

According to Half-Quadratic Quantization (HQQ) [30], data-free calibration can be used instead of
relying on external calibration datasets which may contain biases. HQQ minimizes quantization er-
rors in weight parameters by applying a sparsity-promotion loss function using Half-Quadratic split-
ting to optimize that loss function. On the ImageNet dataset, HQQ’s 4-bit ViT-B-32 model achieved
a +3.1% improvement in top-1 accuracy compared to the BitsAndBytes approach. HQQ’s 3-bit
ViT-H-14 model significantly outperformed the full-precision (FP32) ViT-L-14 (which has much
higher precision) by an impressive +2.4% under extreme quantization conditions, while HQQ’s 2-
bit variant also outperformed the FP32 ViT-B-32 by an incredible +5.2%. Finally, in comparison
with several other algorithms: GPTQ; AWQ; and BNB on WikiText; HQQ produces competitive
perplexity scores as well.

4.2.5 AWQ

AWQ [31], is designed for deploying LLMs on edge devices. The fundamental insight is that
a small fraction (the top 1%) of weight channels, identified by their activation magnitudes, are
salient; protecting these salient channels through per-channel scaling preserves accuracy, while the
remaining weights are quantized to a low bit-width, yielding a substantial reduction in model size
with minimal accuracy loss. AWQ uses a data-driven, per-channel scaling approach based on an
automated search for optimal scaling factors and does not require retraining.

4.3 Quantization for Diffusion Models

4.3.1 ViDiT-Q

ViDiT-Q [32], targets diffusion transformers (DiTs), where the standard U-Net quantization tech-
niques cause significant quality degradation. Its three quantization schemes address four levels
of data variance: (i) token-wise quantization handles variance in DiT linear layers that account
for 77% of latency and nearly all memory; (ii) dynamic quantization computes parameters online,
addressing classifier-free guidance variance and timestep-wise variance across diffusion stages; and
(iii) timestep-aware channel balancing applies different masks per timestep to handle channel-wise
variance. For sensitivity-prone layers, the mixed-precision variant ViDiT-Q-MP assigns higher bit-
widths selectively. Diffusion-transformer quantization of this kind is directly relevant to automotive
workflows that rely on generative video and image synthesis—for example, world-model simulation
and synthetic scenario generation for training and validating autonomous driving systems—where
it enables such models to run within tighter compute budgets.

5. LOW-RANK TENSOR DECOMPOSITION

Low-rank approximation approximates a matrix or tensor with one of lower rank, reducing com-
putational complexity while retaining essential features. Since neural network layers fundamen-
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tally operate through matrix and tensor multiplications, low-rank decomposition offers a principled
compression approach. A tensor is a multi-dimensional array: vectors are 1st-order, matrices are
2nd-order, and higher-order tensors represent structures such as 4D CNN weight kernels.

The most common tensor decomposition techniques include Canonical Polyadic Decomposition
(CPD), Tucker Decomposition, Tensor Train (TT), Tensor Ring (TR), and Block Term Decomposi-
tion (BTD). This section surveys state-of-the-art applications of the tensor decomposition techniques
used in neural network compressions. Low-rank decomposition is most naturally suited to the
convolutional perception networks at the core of automotive sensing pipelines—such as object de-
tection, lane segmentation, and pedestrian recognition—where decomposing the 4D convolutional
kernels reduces both parameter count and multiply-accumulate operations, lowering the latency and
energy of safety-relevant perception on embedded hardware.

5.1 Matrix and Kernel Decomposition Methods

The authors in [33], express the kernels of a Convolutional Neural Network (CNN) using low rank
kernels and linear combinations in two ways: 1) by taking advantage of the spatial dimension using
rank-1 filters 2) by taking advantage of the redundancy of input and output channels. Their two
methods are able to obtain a speed-up of 2.5 while maintaining accuracy and 4.5 with a loss of
only 1% accuracy. In [34], the authors developed an SVD-based decomposition for convolutional
kernels, which provides a closed form solution as opposed to iterative methods e.g., CANDE-
COMP/PARAFAC (CP). The original 4D kernel is reduced to a 2D kernel for use by SVD, after
which the two 4D kernels are restored from the SVD, thereby splitting one convolution into two
layers that run consecutively. Batch Normalization can solve some of the problems caused by the
increased number of layers, such as the exploding and vanishing gradient problem. This allows
low-rank NIN models to achieve an accuracy score of 91.31% on the CIFAR-10 dataset as well as
provide significant speed gains on AlexNet, VGG, and GoogleNet networks.

The work in [35], improve CNN evaluation by exploiting linear structure: one technique targets the
initial color-channel layer, another handles higher-layer redundancy via filter clustering. Using SVD
and clustering with reduced Mahalanobis and covariance metrics, the method achieves CPU/GPU
speedups with under 1% accuracy loss and 2–3x parameter reduction in convolutional layers (5–10x
in fully connected layers). Zhang et al. (2016) [36], extend these ideas to include non-linear units,
using the low-rank space of the output response and applying GSVD for asymmetric reconstruction
that accounts for errors from previously approximated layers. Rank selection uses the empirical
relationship between PCA energy and classification accuracy. On ImageNet, VGG-16 achieves 4x
speedup with only a 0.3% increase in top-5 error.

5.2 CP Decomposition-Based Methods

Lebedev et al. (2014) [37], decompose 4D weight kernels into four rank-1 tensors using CP de-
composition, with ranks determined via non-linear least squares optimization and subsequent full
fine-tuning. The approach achieves 8.5x CPU speedup with only 1% accuracy drop on a 36-
class dataset. Minster et al. (2023) [38], enhance CP decomposition stability by incorporating
QR decomposition within ALS to compute minimum-norm solutions, particularly helpful when
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standard CP-ALS encounters ill-conditioning. Yang and Liu (2024) [39], address rank selection
and optimization stability by determining layer sensitivity as both a rank-selection heuristic and
ordering criterion for layer-by-layer approximation with iterative fine-tuning. On ImageNet with
VGG and ResNet, the method achieves competitive compression and accuracy, though the heuristic
sensitivity metric and iterative fine-tuning are computationally expensive.

5.3 Tucker and Higher-Order Decomposition

According to Kim et al. (2016) [40], they compressed both VGGNet and GoogleNet by applying
Tucker decomposition to them through the use of Bayesian matrix factoring in order to determine
the ranks of these models. Mode-3 and mode-4 matricizations were used in order to form Tucker-2
decompositions of the higher convolution levels, while also performing an one-shot fine-tuning
on the models afterwards. Oseledets (2011) [41], first introduced the concept of Tensor Train
(TT) decomposition to alleviate the NP-hard canonical rank problem of CP decomposition. TT
approximates a tensor through a series of three-dimensional tensors, with the ranks of these tensors
being based on the auxiliary matrices from QR and SVD sequences (without recursion), thus pro-
viding stable numerical results while greatly reducing the number of parameters used. Zhao et al.
(2016) [42], provides an enhanced method over TT decomposition by developing Tensor Ring (TR)
decomposition; all cores in TR are treated equally according to their circular multilinear product,
unlike the sequential multilinear product used in TT decomposition. The 4D kernel tensor can be
modeled as a stack of three 2D layers with regards to SVD and ALS for core optimization, and
as the order of the tensor increases, the parameters used in TR scale linearly. TR is therefore also
effective for unsupervised feature representation due to its flexibility through its rank structure.

5.4 Specialized Compression Methods

According to Kossaifi et al. (2017) [43], they replaced the flattened output of CNNs and the Fully
Connected (FC) layers with a tensor regression layer that maintains all of the various modali-
ties through Tucker decomposition for tensor contraction which enables using low rank weight
tensors for tensor regression mapping; this method is especially efficient for multi-dimensional
datasets (such as those created by MRI scans). The authors in [44] developed two types of matrices
(Compressed Entropy Row (CER), Compressed Shared Elements Row (CSER)) which utilize the
properties of low-entropy weight distributions to achieve 42 times size reduction, 5 times speed
increase, and 90 times energy savings. Further, the work in [45] extends this line with Huffman
coding-based methods: Huffman Address Map (HAM) and sparse HAM (sHAM) replace weight
addresses with Huffman codes for compressed representation.

Kim et al. (2019) [46], optimize rank configuration across the entire network rather than layer-
by-layer using non-iterative accuracy metrics. For VGG-16, the approach achieves 25% FLOP
reductionwith 0.7% accuracy improvement in just 3minutes on a CPU, versus 4 hours on 8GPUs for
prior methods. Idelbayev and Carreira-Perpiñán (2020) [47], propose a mixed discrete-continuous
framework simultaneously optimizing ranks and matrix elements; a compressed VGG achieves
faster performance than ResNet with nearly identical classification error. Kamalakara et al. (2022)
[48], study training low-rank tensors from scratch versus decomposition after training, showing that
spectral initialization and L2 regularization with differentiated learning rates significantly improve
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from-scratch low-rank training. Cao et al. (2017) [49], compare Tucker, CP, and TT decompositions
applied to Tensor Regression Layers (TRL) against Global Average Pooling (GAP): on CIFAR-
10/100 with ResNet, GAP shows better compression and accuracy than CP-TRL; overall, TRL
performs better in shallow networks while GAP maintains better balance in deep networks.

5.5 Neural Architecture Search for Tensor Compression

In [50], NAS is integrated with Tucker decomposition-based tensor compression to optimize CNNs
for embedded systems. Themethod controls per-layer compression parameters throughNAS, achiev-
ing up to 85% parameter reduction with only 0.1–1% accuracy loss. Compressed models occupy
just 20% of original memory with up to 2.5x inference speedup. There is still a high computation
cost for current methodsusing NAS; however, researchers should look to further develop search
efficiency using new methods such as Reinforcement Learning and Evolutionary Algorithms.

6. COMPARATIVE ANALYSIS

TABLE 1, provides a comparative overview of representative methods from each compression
family, summarizing their characteristics, compression metrics, and automotive applicability.

Several observations emerge. Retraining-free pruning methods like WANDA and FLAP offer the
most accessible path for automotive teams with limited compute budgets, being rapidly applica-
ble to pretrained models. Quantization methods targeting Int8 (e.g., SmoothQuant, AWQ) offer
perhaps the most direct deployment path by reducing both computation and memory while being
supported by widely available hardware. Low-rank decomposition provides the strongest theoret-
ical foundations for CNN-based perception models. Combining techniques—pruning followed by
quantization, or low-rank decomposition with fine-tuning—typically yields the best overall results.
TABLE 2, summarizes the trade-offs across compression families.

7. FUTURE RESEARCH DIRECTIONS

Several open challenges and research opportunities remain for the automotive AI community. Com-
bined compression pipelines: the optimal ordering and configuration of pruning, quantization, and
low-rank decomposition for specific architectures and hardware targets remains open, requiring
systematic studies of technique interactions and automated pipeline search. Multimodal gener-
ative model compression: automotive applications increasingly rely on vision-language-sensor
models; early work like PuMer [20] and ECoFLaP [21] must be extended across the full spectrum of
automotive multimodal models. Hardware-aware compression: compression techniques should
be co-designed with specialized accelerators to exploit features such as structured sparsity support
and low-bit arithmetic units. Safety-critical validation: compressed models must be validated not
only for average-case but also for worst-case behavior in safety-critical scenarios, developing effi-
cient validation methodologies for compressed models remains an essential but largely unaddressed
challenge. This concern is particularly acute in the automotive domain, where deployed models fall
under functional safety standards such as ISO 26262 and the safety-of-the-intended-functionality
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Table 1: Comparative Overview of Model Compression Techniques
Method Category Model

Target
Key Metric Retrain HW

Req.
Auto.
Relevance

WANDA [4] Pruning LLMs Competitive
perplexity

No Consumer
GPU

Fast, universal
applicability

FLAP [7] Pruning LLMs 66% speedup
@20%

No Consumer
GPU

Real-time edge
inference

Shortened
LLaMA [11]

Pruning LLMs 1.5x speedup
@35%

Yes Single
GPU

Small-batch real-
time use

LLMPruner
[17]

Pruning LLMs 95% perf.
@20% prune

Yes RTX
4090

Accessible, task-
agnostic

SmoothQuant
[28]

Quant. LLMs Int8 W+A,
50% mem.

No General
HW

Broad HW com-
patibility

AWQ [31] Quant. LLMs Edge-
optimized

No Edge de-
vices

Direct edge de-
ployment

BRECQ [24] Quant. CNNs SOTA 4-
bit/2-bit PTQ

No General
HW

Perceptionmodel
compression

HQQ [30] Quant. LLMs/VisionData-free,
+3.1% acc

No General
HW

No calibration
data needed

ViDiT-Q [32] Quant. Diff.
Trans.

DiT-specific
schemes

No Edge de-
vices

Video/image
generation

CP Decomp.
[37]

Low-rank CNNs 8.5x speedup Yes CPU/GPU Sensor
processing
models

Tucker [40] Low-rank CNNs High
compression

Yes CPU/GPU Established
method

TT Decomp.
[41]

Low-rank DNNs Stable, linear
params

No CPU/GPU Numerically sta-
ble

NAS+TC [50] Low-rank
+NAS

CNNs 85% param.
reduction

Yes GPU
cluster

Embedded vision
systems

Table 2: Trade-off Summary Across Compression Technique Families
Criterion Pruning Quantization Low-Rank Decompo-

sition

Compression Ratio Moderate to High High (4–16x typical) Moderate to High
Inference Speedup Moderate (structured)

to Low (unstructured)
High (hardware-
supported)

Moderate to High

Accuracy Retention Good with fine-tuning Good at 8-bit;
degrades at extreme
low-bit

Good with fine-tuning

Compute Cost to
Apply

Low (no retrain) to
High

Low (PTQ) to Moder-
ate (QAT)

Moderate to High

Hardware Require-
ments

General (structured)
or Specialized
(unstructured)

Broad support for Int8 General purpose

Combinability Combines well with
quantization

Combines well with
pruning

Combines with distilla-
tion

Maturity for LLMs Rapidly advancing Most mature Early stage
Maturity for CNNs Well established Well established Most established
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standard ISO 21448 (SOTIF). Compression can alter a model’s tail behavior in ways that average-
case accuracy metrics do not reveal: pruning or aggressive low-bit quantization may disproportion-
ately affect rare but safety-critical inputs, such as vulnerable road users in unusual poses or adverse
weather. Consequently, compressed automotive models require validation that explicitly targets
worst-case and out-of-distribution behavior, alongside redundancy and fallback strategies for fail-
operational designs. The regulatory landscape adds further requirements, as frameworks such as the
EUAI Act classify many automotive AI functions as high-risk, implying obligations on traceability,
robustness, and documentation that compressed-model pipelines must be able to satisfy.

Toward a unified benchmarking framework: a persistent limitation of the current literature,
including this survey, is the absence of a unified benchmarking framework that evaluates com-
pression techniques along automotive-relevant dimensions—latency on representative ECU and
SoC hardware, energy per inference, accuracy retention under safety-critical input distributions, and
robustness to out-of-distribution inputs. Most reported results rely on general-purpose benchmarks
(e.g., ImageNet, COCO, WikiText) that do not reflect automotive deployment realities; developing
such a framework, ideally with public reference implementations on representative automotive hard-
ware, would substantially accelerate progress in the field. Adaptive inference: dynamic models
adjusting complexity based on input difficulty could enable more efficient resource utilization while
maintaining safety guarantees. Sustainable and energy-aware compression: with the transition
to electric vehicles, inference energy directly impacts vehicle range; future compression research
should explicitly optimize for energy efficiency alongside accuracy and speed.

8. Conclusion

This paper has presented a comprehensive survey of model compression and optimization methods
for utilizing generative AI in resource-limited automotive environments. Following on from our
previous work [1], we have identified several technical solutions that help bridge the gap between
model capabilities and hardware limitations across the three primary classes of methods discussed in
this paper: pruning (e.g., retraining-freemethods such asWANDA,BONSAI, and FLAP; retraining-
based methods such as Shortened LLaMA, LAPTOP-Diff, and LLMPruner), quantization (e.g.,
general frameworks such as BRECQ; LLM-centric methods such as SmoothQuant, AWQ, and
HQQ; diffusion-oriented approaches such as ViDiT-Q), and low-rank tensor decomposition (e.g.,
CP, Tucker, Tensor Train, and Tensor Ring-based algorithms; NAS-based methods).

Our comparative analysis reveals that no single technique dominates across all criteria. The best
deployment methodwill incorporate numerousmethods depending uponwhat model architecture an
organization uses and the hardware target being deployed on, especially in the automotive industry,
which will be able to apply these methods to scale up the usage of generative AI inside of vehi-
cles to provide better performance, safety, and user experience in a resource limited environment.
As such, future studies should focus on having integrated compression pipelines, hardware-aware
optimization methods, methodologies for verifying that compressed models are safe, and energy-
efficient compression to support the transitions to electric vehicles. If the AI research community
continues to work collaboratively with automotive engineers, the next generation of vehicles will
begin to reach the full potential of generative AI.
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