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Abstract
Deep learning models are increasingly deployed in performance-
critical applications, where computational efficiency must be bal-
anced with accuracy. Model compression techniques such as prun-
ing and quantization help address this challenge. However, they
are often evaluated solely on accuracy, overlooking their impact
on model size and inference time for a given hardware setup.

To support practitioners in selecting and evaluating different
model compression techniques, we introduce our benchmarking
framework, PQ Bench. It pre-implements a set of popular com-
pression techniques and automates the process of benchmarking
their effects on accuracy, inference speed, and memory footprint.
In our evaluation, we demonstrate the use of PQ Bench and provide
key insights into the trade-offs across various models, compression
strategies, and configurations.
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1 Introduction
Deep learning (DL) models are getting increasingly popular and
are tightly integrated in database management systems (DBMSs).
Popular examples include (1) optimizing query processing (learned
indices [2, 21], learned query optimizers [26, 28], learned join order-
ing [27], or models for cost prediction [11]), (2) answering queries
that include the evaluation of unstructured data (e.g., having filter
predicates on images or text [19, 52]), (3) or providing a natural
language interface to DBMSs by translating natural text to SQL [50].

Despite the growing popularity of DL in DBMSs, their high
computational complexity impacts query processing performance,
which leads to a trade-off between accuracy and performance. On
the one hand, a complex model typically makes more accurate pre-
dictions than a simpler model. On the other hand, a complex model
is slower and increases the query processing time. Consequently,
the key challenge lies in identifying models that benefit the DBMS
by making accurate predictions while minimizing its impact on
query processing time.

Model compression techniques, such as pruning and quantiza-
tion, aim to address this challenge by reducing model size and
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complexity as much as possible while minimizing the loss of ac-
curacy. Because these techniques are primarily developed within
the machine learning (ML) community, associated publications
tend to focus on improving model accuracy and only discuss size
reduction and inference speed up from a theoretical viewpoint.
Even the PyTorch-based benchmarking framework ShrinkBench [1]
evaluates pruning techniques with a predefined set of models and
datasets but does not include quantization techniques or measured
inference times. This is a problem for engineers: while they can
assess models’ prediction quality, understanding how size reduc-
tions impact system performance in terms of memory footprint,
single-item and batched inference speed remains challenging. To
address this gap, we make the following contributions:

(1) We present an overview of pruning and quantization tech-
niques and identify a subset of popular methods by examin-
ing their availability as options provided in widely used DL
frameworks.

(2) We develop the benchmarking framework PQ Bench, which
automatically applies various compression techniques to a
given model and dataset, and benchmarks their impact on
accuracy and other performance-critical metrics to provide
users with a rough estimate of expected performance.

(3) Using PQBench, we evaluate pruning and quantizationmeth-
ods on common DL models and offer insights into the per-
formance of pruning and quantization techniques.

2 Background
Pruning. Pruning reduces a model’s size and computational com-
plexity by removing single parameters or entire neurons from the
model architecture while minimizing accuracy drops. Han et al.
categorize pruning techniques among the dimensions of: granular-
ity, criterion, and ratio [44]. The pruning granularity determines
the pattern used to prune the model. We differentiate between
structured and unstructured pruning. Structured pruning prunes
groups of weights that structurally belong together, such as all
parameters associated with a neuron, entire filters, or channels
(Figure 1b). This preserves the overall structural integrity of the
model but alters the layer’s input and output shapes. In contrast, un-
structured pruning removes individual parameters from the model,
without a specific pattern (Figure 1c). The resulting model loses its
structural integrity [15, 29]. The pruning criterion determines what
parameters or neurons to prune. Two common pruning methods
are random and L1 pruning [38]. Random pruning selects neurons
or weights at random [39], while L1 pruning removes the least
important parameters based on their L1 norm. Regular L1 pruning
calculates L1 scores per layer, whereas global L1 pruning considers
all model parameters [7, 13]. The pruning ratio defines the relative
number of parameters or neurons to prune.

Quantization. DL frameworks typically use 32-bit floating point
numbers (FP32). Quantization reduces model size and complexity
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(a) base model (b) structured (c) unstructured

Figure 1: Model pruning techniques

by converting parameters to lower-precision types like 16-bit floats
(FP16), 8-bit integers (INT8), or single bits [8, 51]. We can quantize
a model during or after the training. Quantization aware training
integrates quantization into training by simulating it in the forward
pass and storing quantized values. Post training quantization uses
a calibration dataset to map FP32 activations to lower precisison
while trying to minimizing information loss [40].

TensorRT & ONNX. TensorRT is a machine learning ecosys-
tem by NVIDIA used to optimize models for low-latency and high-
throughput inference on NVIDIA GPUs [33]. TensorRT benchmarks
layers and computes an optimal execution schedule, minimizing
the combined cost of kernel executions and format transforms.
Additionally, TensorRT eliminates dead computations, folds con-
stants, reorders or combines operations, and supports post training
quantization to FP16 and INT8 [35, 36]. TensorRT is often used
in combination with the open neural network exchange (ONNX)
format built to allow the representation, exchange, and conversion
of models across different ML platforms [49].

3 Approach
In this section, we give an overview of our model compression
benchmarking framework PQ Bench1, describe the implemented
compression techniques, and explain how to extend it.

Overview. We provide a configuration file specifying: (1) the
model to compress, (2) the dataset to evaluate the model on, (3)
the compression technique(s) together with their parametrization,
(4) and benchmarking hyperparameters such as the batch size and
the number of iterations. PQ Bench takes the model, applies the
compression techniques, benchmarks the model using the provided
dataset, and saves the benchmarking results to a CSV file. The
results include: the time it took to compress the model, the com-
pressed model size, the model accuracy, and the batch inference
speed for all specified batch sizes. Tomeasure the compressedmodel
size, we calculate the model object size for PyTorch models or the
file size for TensorRT engines. To measure the accuracy, we use the
average accuracy across each batch and iteration of the test set. To
measure the compression time, we use Python’s time package and
encapsulate the responsible code fragments. To benchmark GPU
inference speed (excluding data loading), we use Torch Profiler with
a ten-iteration warm-up.

Pruning. We use PyTorch’s pruningmodule [41], which replaces
pruned weights with zeroes (zero-fill pruning), leaving the model
architecture unchanged to implement unstructured pruning. This
covers the configurations of local and global pruning, in combi-
nation with different L𝑛 norms such as L1 and L2 norms, and a
dimension parameter for structured pruning.With a pruning dimen-
sion of zero, we prune neurons and channels, while with a pruning
dimension of one, we disconnect neurons from their inputs. To
implement structured pruning, we use the TorchPruner [25] library
1GitHub repo: https://github.com/hpides/pq-bench

and offer random pruning, weight norm pruning [23], sensitiv-
ity pruning [30], and Taylor pruning [31]. By this, we cover the
most frequently used techniques, representing a large subset of
the techniques described in Section 2. For further techniques, PQ
Bench allows easy integration of custom model pruning techniques
without any changes to its automated benchmarking.

Quantization. To quantize a model, we use ONNX [49] and
NVIDIA’s TensorrtExecutionProvider (TEP) in a two-step process [20,
33, 37]. First, we convert the PyTorch model to the ONNX format,
which includes calibrating the quantization parameters using a
small subset of the dataset, optimizing execution subgraphs [54],
and returning a quantized model together with a calibration file.
Second, we use a full precision ONNX model, the calibration set-
tings, and the quantization data type, such as FP16 or INT8, to
specify a TensorRT TEP that applies the quantization logic and is
used to execute the quantized model. Currently, PQ Bench offers
post-training FP16 and INT8 quantization. To support other quanti-
zation techniques, we provide examples in our repository on how
to implement a custom pruning object.

4 Evaluation
In this section, we use PQ Bench to evaluate the impact of pruning
and quantization on pre-trained convolutional and transformer
models using the ImageNette [5] and ImageWoof [6] datasets, each
containing ten classes from ImageNet [45]. We focus on CNNs due
to the availability of pre-trained models and on widely used post-
training compression techniques with existing implementations.
We leave more advanced approaches, such as compression-aware
training [53] or post-pruning fine-tuning, for future work.

The CNN models include AlexNet [22], MobileNet [43], Res-
Net [10], DenseNet [12], GoogLeNet [47], Inception [48], Squeeze-
Net [14], ShuffleNet [24] and SimpleNet [9]. As a vision transformer,
we include VIT_B_16 [4]. We run our experiments on an NVIDIA
V100 GPU with 32GB memory and have Python 3.11.5, PyTorch
2.4.1, TensorRT 10.4.0, CUDA 12.2, and ONNX 1.16.2 with ONNX
Runtime GPU support 1.19.2 installed. As metrics, we consider
accuracy (Section 4.1), inference speed (Section 4.2), as well as
model size (Section 4.3), and report the median of three runs not
showing confidence intervals due to low variance. We focus on
post-training FP16 and INT8 quantization [17], on magnitude-based
pruning, andmainly discuss the results for the unoptimized AlexNet
architecture and the highly optimized MobileNet architecture, as
they represent the extreme points in our measurements. For results
on other architectures, we refer to our technical report [18].

4.1 Accuracy
Zero-fill Pruning. Comparing random and L1 norm pruning, we
find that L1 norm consistently outperforms random pruning, as it
uses a principled weight-magnitude criterion rather than arbitrary
selection. Thus, we focus on local and global L1 norm pruning
with pruning degrees between zero and 90% in Figure 2. AlexNet
is less affected by pruning than MobileNet, and global pruning
outperforms local pruning for both models and datasets. With local
pruning, AlexNet drops in accuracy after 50%, while MobileNet
declines sharply at 10%. Global pruning minimizes accuracy loss,

https://github.com/hpides/pq-bench
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(a) AlexNet, local (b) MobileNet, local

(c) AlexNet, global (d) MobileNet, global

Figure 2: Impact of unstructured L1 pruning on accuracy.

allowing AlexNet to maintain accuracy up to 80% pruning and Mo-
bileNet up to 30%. AlexNet is less affected by pruning due to its
redundancy, while MobileNet and similarly optimized models like
Inception are more sensitive [22, 43, 46]. Global pruning outper-
forms local pruning because not all layers of a neural network are
equally large and important. While local pruning prunes the same
percentage of parameters from every layer (regardless of impor-
tance), global pruning primarily prunes layers resistant to pruning
while keeping critical layers untouched.

Structured Pruning. Figure 3 shows that structured L1 norm
pruning causes significant accuracy drops even for low pruning
degrees, regardless whether we prune on the channels axis (Dim=0),
the neurons axis (Dim=1), or use a L2 instead of L1 norm. In struc-
tured pruning, vision models are typically pruned at the filter level.
While many parameters within a filter can be removed without
significantly impacting accuracy, some are performance-critical.
Thus, removing entire filters leads to poor accuracy compared to,
for example, global unstructured pruning.

Overall View. Figure 4 shows accuracy numbers for a pruning
degree of 0.1 and 0.5 for local and global L1 unstructured pruning
respectively, as it highlights differences between model architec-
tures well. Models designed for edge devices, i.e., ShuffleNet and
MobileNet, are unreceptive to pruning. Inception seems to be an
outlier, given its performance being the poorest in the local setting.

Quantization. Figure 4d shows that, except for SimpleNet (which
has issues with dynamic tensor indexing when exporting the model
to ONNX), INT8 quantization causes no significant drop in accuracy.
We find the same for FP16 which is in line with related work [32, 42].

4.2 Inference Speed
Zero-fill Pruning. Analyzing the inference speed ofmodels pruned
using zero-fill pruning, we observe negligible speed improvements
compared to a non-pruned model, even at high pruning degrees.
The reason is that zero-fill pruning does not remove parameters,
but instead sets them to zero. While modern GPUs support specific
sparsity patterns for efficient execution, these do not match the
random patterns produced by the applied pruning techniques. E.g.
NVIDIA’s TensorRT promises support for sparse matrix inference
on selected GPUs, but they demand significant preprocessing steps
and only work on exactly fifty percent sparse models [16]. As a
result, the computational workload and complexity remain largely
unchanged, leading to no speed-up.

Structured Pruning. With structured pruning, we examined
a steady increase of inference speed, up to 2x when comparing
the base model to a 90 percent pruned model, which we expect,
as we reduce the number of parameters involved in computations.
However, faster computations do not justify the poor performance
of structurally pruned models as seen in Figure 3.

(a) Dim = 0, L1 norm (b) Dim = 1, L1 norm

Figure 3: AlexNet pruned across structural axes (Dim).

(a) Base models (b) Local, degree = 0.1

(c) Global, degree = 0.5 (d) INT8 quantized

Figure 4: Compressed models. a) Alex, b) Squeeze, c) Dense, d)
Res, e) Simple, f) GoogLe, g) Shuffle, h) Mobile, i) Inception.

Quantization. We compare the inference speed of AlexNet and
MobileNet models implemented in PyTorch (Base), with optimiza-
tion techniques including TensorRT optimizations without quanti-
zation (TRT), FP16, and INT8 quantization across different batch
sizes. Without considering model or hardware characteristics, we
expect to see a reduction in inference time compared to the base
model when applying TRT because of execution graph optimiza-
tions and further improvements with every reduction of parameter
precision due to reduced model size and computation complexity.

In Figure 5, for a batch size of one, inference time drastically
decreases when using TensorRT and gets even shorter when ap-
plying quantization. For a batch size of 16 and AlexNet, we see
marginal to no improvements between Base and TRT, noticeable
improvements when using FP16 quantization, and significantly
higher inference times for INT8 quantization. For a batch size of
16 and MobileNet, we see large improvements when applying TRT,
additional improvements with FP16 quantization, and a marginal
to significant increase in inference time when quantizing to INT8.
For a batch size of 128, we notice an increase in inference time
for AlexNet regardless of the applied optimization. For MobileNet,
quantizing to FP16 reduces the inference time, while all other opti-
mizations bring no improvements. These patterns are similar across
all our evaluated models.

One of TensorRT’s main optimizations is to fuse layers. This
improves performance most when the GPU is not fully utilized,
for example, because of small models or batch sizes. For small
batch sizes, this fusion can be highly effective since the number
of operations per input is lower. Thus, TensorRT improves the
inference time most for MobileNet and a batch size of one, and fails
to optimize the inference time for AlexNet in combination with
a batch size of 128. The reason for the poor performance of INT8
quantization are missing INT8 tensor cores, resulting in a fallback to
FP16 computations and an overhead for data type conversions [34].

4.3 Model Size
Pruning. In zero-filled pruning, pruned values are replaced with
zero values, leading to no size reduction when using a dense ma-
trix format. Both coordinate (COO) and compressed sparse column
(CSC) formats linearly decrease model size with increasing pruning
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(a) AlexNet, 𝑏 = 1 (b) AlexNet, 𝑏 = 16 (c) AlexNet, 𝑏 = 128

(d) MobileNet, 𝑏 = 1 (e) MobileNet, 𝑏 = 16 (f) MobileNet, 𝑏 = 128

Figure 5: Comparing quantization impact on inference speed
with AlexNet and MobileNet at different batch sizes (𝑏).

(a) Struc. Pruned (b) AlexNet (c) MobileNet

Figure 6: Model size after optimization and compression.

degrees. However, they only reduce the model size compared to a
dense matrix representation at 80% and 70% sparsity, respectively,
due to the overhead introduced by index values. As shown in Fig-
ure 6a, structured pruning decreases the model size logarithmically.
We assume the reason to be TorchPruner’s cascading side-pruning
operations which prune models beyond the given pruning degree to
guarantee the compatibilities of inputs and outputs between layers.

Quantization. In Figure 6, we compare the sizes of unquantized
AlexNet andMobileNet models with their optimized, quantized Ten-
sorRT engine versions. For both architectures, the non-quantized
TensorRT engine remains similar in size to the unoptimized Py-
Torch model, as it stores an execution plan and full parameter
representation, similar to PyTorch’s format. Quantizing to FP16
and INT8 reduces size by factors of two and four, respectively, as
FP16 uses half and INT8 a quarter of the bits of FP32. Surprisingly,
we see this effect only for AlexNet and MobileNet, while all other
models share only the size reduction when being quantized to FP16,
but no further reduction for INT8.

4.4 Combining Pruning and Quantization
Convolutional Architectures. In this section, we investigate the
effect of combining pruning and quantization. We first perform
global unstructured pruning with a pruning degree of 90% for
AlexNet and 30% for MobileNet on ImageNette with a batch size
of eight. Afterward, we optimize the model using TensorRT and
quantize it to FP16 and INT8.

Overall, the combination only marginally reduces the model
accuracy (less than 6 percent when comparing a pruned and quan-
tized model to the base model for both AlexNet and MobileNet).
Figure 7 compares the inference speed of quantized models to those
of pruned and quantized models. For AlexNet, we see an average
improvement of 10–15% when combining pruning and quantiza-
tion. For MobileNet, here with a pruning degree of 0.3, we see an
increase in inference time. We assume the reason to be TensorRT’s
ability to exploit very sparse weight matrices.

(a) AlexNet, 90% pruned (b) MobileNet, 30% pruned

Figure 7: Inference speed of global pruning and quantization.

Transformer Architectures. We also analyze the impact of
pruning and quantization on a VIT_B_16 vision transformer [3].
When pruning globally and unstructured, we can remove roughly
40% of the parameters without a significant loss in accuracy. For
quantization, the accuracy does not degrade irrespective of using
FP16 or INT8. Regarding inference speed, only quantization has an
effect on inference time (from 8 ms for a non-quantized TensorRT
model to 4 ms) and halves the model size from 346 MB to 170
MB irrespective of FP16 or INT8 quantization. We assume this is
because even high-end NVIDIA GPUs do not fully support integer
operations on any given architecture type.

4.5 Discussion
In summary, we find that quantization outperforms pruning in
all aspects of model size reduction, inference speed up (for small
batch sizes), and accuracy preservation but comes with a high
overhead of external dependencies and depends on the availability
of an NVIDIA GPU with matching tensor cores. Pruning shows the
best results when we apply unstructured rather than structured
pruning. Combining pruning and quantization can lead to further
improvements, especially when GPUs support the architectural
structures of the compressed model. We observe inconsistent INT8
quantization behavior in both inference speed and model size, even
on an NVIDIA A100. We suspect this is due to unsupported layer
types and fallback to FP16, leading to costly data type conversions.
Investigating these issues is a key direction for future work.

We advise engineers to use PQ Bench and apply quantization for
best results if they have a high-end GPU at their disposal and are
willing to set up TensorRT and its dependencies. If they seek for an
easy and quick application or do not have sufficient hardware, we
recommend global unstructured pruning.

5 Conclusion
In this paper, we provide an overview of popular pruning and
quantization techniques. We implement these model compression
methods in PQ Bench, a framework that, given a model and dataset,
enables engineers to efficiently benchmark various configurations
and assess improvements in model accuracy, size, and inference
speed. Through our evaluation using PQ Bench and popular DL
models, we find that, when properly configured, quantization sig-
nificantly (and pruning to a moderate extent) reduces the model
size and inference time while only marginally impacting accuracy.
Future work includes, among other things, testing on a wider range
of model architectures, exploring quantization on mid-range GPUs
and below INT8, and developing a recommendation system for
selecting compression techniques based on a given model.
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