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Abstract: Joint pruning-quantization is now a widely adopted method for reducing complexity of deep neural networks.
Specifically, layer-wise compression has achieved significant success by exploiting each layer’s varying sensitivity to pruning
and quantization. Although effective at reducing complexity with minimal accuracy loss, this approach significantly
complicates the design space exploration. Prior works estimate the order of complexity of the design space based on the number
of pruning ratios, quantization bitwidth for weights and activations, layers, model variations, and hardware targets. However,
none have considered the number of fine-tuning epochs required after joint pruning-quantization. This work hypothesizes that
fine-tuning is often excluded from design space estimates because accuracy gains after the first epoch are minimal. To validate
this, we identify layers in ResNet-20 that are highly sensitive to compression and evaluate their behavior under varying pruning
ratios, bitwidth, and fine-tuning epochs. Results confirm that epochs beyond the first only provide marginal improvements,
although fine-tuning is crucial for accuracy recovery. These findings support treating fine-tuning as a binary decision (applied
or not) rather than a continuous design parameter, thus justifying its exclusion from the order of complexity in design space
estimation.
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1. INTRODUCTION instance, with 19 convolutional layers in ResNet-20, ten
possible pruning ratios (0—90 % in 10 % increments) and 8

Deep learning (DL) has experienced remarkable success OSSIt ) > -
bit-width options for both activations and weights (1-8

across various fields [1, 2]. Nevertheless, DL models

demand substantial computation and memory [3]. This bits), exhaustive search would require 2.08 x 10%3
hinders their deployment on resource-constrained edge configurations. At an average of 2.5 seconds per
devices [4] or increases the total cost of ownership in data simulation on our system, this would take an impractical
centers [5]. Prior works have proposed joint pruning- 16454 tredecillion years. To the extreme, some works (e.g.
quantization (e.g., [6, 7]), which prunes low-ranking HAQ [11]) include model variations, V and target
weights and quantizes its bitwidth for more efficient hardware platforms, 7"in the search. Although they only
computation. Earlier approaches employed global pruning perform quantization, the order of complexity that could
and quantization [7, 8, 9], giving each layer identical be interpreted would be O(V X T X (PQ4Q,)"). However,
pruning and quantization configuration. Such uniform to the best of our knowledge, none have explicitly
compression can be suboptimal: if compressed considered fine-tuning epochs as a parameter in estimating
aggressively, accuracy drops sharply; if compressed the order of complexity. Since pruned and quantized
conservatively, the model would be less lightweight. This models often recover accuracy through fine-tuning [12,
is because each layer has different sensitivity to pruning 13], fine-tuning epochs, F could in principle form an
and quantization [6, 10]. This motivates layer-wise joint additional design dimension. This study evaluates whether
pruning—quantization, which prunes and quantize more that dimension is necessary, and makes two contributions:
aggressively in non-sensitive layers and retains more 1. We show that fine-tuning does not need to be treated as
filters or higher precision in sensitive layers for better a separate design dimension when estimating design
accuracy. space complexity in layer-wise joint pruning-
Unfortunately, layer-wise joint pruning-quantization quantization, because the recoverable accuracy largely
expands the design space complexity considerably. The saturates after one epoch.
search order of complexity grows from 0(PQ,Q,,) in the 2. We provide layer-wise sensitivity profiling under
global case to 0(PQ,Q,,)" in the layer-wise case, where P prunil.lg—(?nly, qgantization—only, and joint pruning-
is the set of pruning ratios and Q,, Q, are possible quantization settings.

activation and weight bitwidth, and L is the number of
layers. An exhaustive search is therefore impossible. For
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2. RELATED WORKS

Numerous studies have proposed methods to navigate joint
pruning-quantization design space efficiently. Several
approaches (e.g., [14, 15, 16]) separate pruning and
quantization into sequential stages. Pruning is performed
first, then quantization on the pruned model. Separating the
stages reduces the search space to 0(P% + (Q,Q,)"), but
it fails to fully exploit the complementary nature of
pruning and quantization [17]. Any connection pruned in
the first stage cannot be unpruned or recovered in the
quantization stage, potentially locking the optimization to
a local minima. To address this, Tung et al. proposed to
prune and quantize simultaneously in one training stage
[18] achieving higher accuracy across multiple models.
Other single-stage approaches treat pruning as a form of
zero-bit quantization [19, 20], effectively performing only
quantization. This simplification narrows the design space
to 0(Q,Q,,)F, but it can lead to suboptimal outcomes due
to granularity issues. For example, allocating a single
bitwidth per layer might force overly aggressive pruning
(zeroing a whole layer), while allocating per-channel
greatly expand the search space to 0(Q,Q,,)¢, where C is
the total number of channels in the model and is always
much larger than L.

Most works (e.g., [10, 18, 19]) acknowledge the huge
design space in layer-wise compression. Wang et al. [11]
estimated the complexity order as O(V X T x (PQ,Q,)").
Table 1 compares their estimate with the objective of this
study, which is to assess whether fine tuning epochs should
be included as an additional design dimension. As noted,
adding V and T dimensions increase the design space
further, yet no prior work includes fine-tuning in their
estimates to the order of complexity for layer-wise joint
pruning-quantization. This study aims to empirically
demonstrate why fine-tuning is often excluded from
complexity estimates, thereby providing justification for
its exclusion from the order of complexity in design space
estimation.

Table 1. Comparison of design space complexity
estimates with respect to fine-tuning epochs.

Treatment of
Work Complexity estimate fine-tuning
epochs
[11] OV xTX(PQu0,)") Not counted
This L Tested,
work OV XT X F X (PQaQu)™) excluded
3. METHODOLOGY

In order to test the impact of fine-tuning on design space
complexity, we design several experiments to see the
impact of increasing the number of fine-tuning epochs on
accuracy improvements after joint pruning-quantization.
To eliminate the possibilities where accuracy is already
saturated at a high level, which leaves little room for
improvement, we focus these fine-tuning experiments on
configurations that cause substantial accuracy degradation,
i.e. layers that are sensitive to pruning or quantization. The
overall procedure is as follows. First, we estimate each
layer’s sensitivity to pruning, to quantization, and to joint
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pruning-quantization in isolation, through a layer-wise
sensitivity matrix. Then, we identify a few of the most
sensitive layers based on their lowest average accuracy,
and compress them under varying fine-tuning epoch
counts to observe the accuracy trend. If fine-tuning with
differing epochs has negligible effect, it implies that fine-
tuning does not need to be considered as a separate
dimension in the order of complexity for joint pruning-
quantization.

3.1 Layer-wise Joint Pruning-Quantization Sensitivity

We perform three independent layer-wise pruning,
quantization, and joint pruning-quantization experiments
on the 19 convolutional layers of ResNet-20 [21]. In each
case, a single target layer is pruned or quantized while all
other layers remain at baseline settings (unpruned for the
pruning test, or quantized to a standard 8-bit precision for
the quantization test).

3.1.1 Pruning

Pruning was performed on each convolutional layer
(Layers 1 through 19) with various pruning ratios. Here,
the pruning ratio refers to the number of filters (output
channels) to be removed. For example, a 0.3 pruning ratio
in a 100-channel layer would remove 30 filters. We adopt
an L,-norm (Euclidean norm) magnitude criterion to rank
filters that would be pruned in ascending order, which is
formulated as

L ll= €Y)

where F; ; is the j-th weight of filter i, and j spans every
weight element in that filter. Ranking through L,-norm is
intuitive since lower-magnitude filters should have less
impact on the final output. This magnitude-based strategy
is implemented via binary masks on the corresponding
filters during inference or training.

3.1.2 Quantization

Similar to pruning, quantization is applied to each
convolutional layer 1-19, using bitwidth from 7-bit to 1-
bit for the target layer. While one layer is quantized to a
low bitwidth, the rest of the network’s layers remain at 8-
bit quantization. We adopt quantization-aware training
(QAT) [22] to simulate the effect of quantizing a layer and
to facilitate fine-tuning during quantization. In QAT, we
insert fake quantization operator during training that track
the distribution of tensor values and learn optimal scaling
factors. Each weight and activation tensors get a scale
factor S and zero-point Z computed from the minimum and
maximum values (a and f§ respectively) observed during
training. The quantized representation Q(r) could be
formulated as:

(2)
(3)

Q(r) = round (g + Z)
pa

S= o

For activations, we use an asymmetric minimum-
maximum observer since the activations are always



Muhammad Nor Azzafri Nor-Azman et al. /| ELEKTRIKA, 25(2), 2026, 113-119

positive due to the Rectified Linear Unit (ReLU) [23]
activation function. For weights we use a symmetric
observer. In each quantization experiment, we include 1
fine-tuning epoch so that the observers can calibrate on the
training data at least once. One epoch of training ensures
the collected statistics reflect the dataset, which is crucial
for QAT to adjust quantization parameters. To vary the
effective bitwidth b of layer index [ in simulation, we

constrain the range of values for the quantized layer’s

2b1

. . 2b1 .
weights and activations to _T’+7_1' This

technique emulates lower-precision by restricting the
dynamic range, since the byte-wise storage convention
stores tensors in bytes (8-bit).

3.1.3 Joint Pruning-Quantization

For joint pruning-quantization sensitivity, we combine the
above methods: we prune a target layer at various ratios
and also quantize it. However, we fix quantization at 8-bit
for this analysis due to the huge design space. We examine
sensitivity when a layer is pruned by a certain amount,
while other layers are left uncompressed (without pruning)
but all layers are quantized to 8-bit. We chose to keep 8-
bit for quantization here to limit the complexity; varying
both pruning ratio and bitwidth per layer would drastically
increase the combinations even for a single layer analysis.
During joint pruning-quantization experiments, the same
binary mask from the pruning step is applied during
quantization-aware training so that the pruned filters
remain inactive. Similar to quantization-only case, we
fine-tune for 1 epoch in QAT to calibrate quantization
observers.

3.2 Design Space Complexity Analysis with Fine-
Tuning

After profiling the sensitivity of each layer, we select the
most sensitive layers and repeat the joint pruning-
quantization experiments with different fine-tuning
epochs. The rationale is: if fine-tuning with higher epochs
does not significantly improve accuracy, then fine-tuning
does not need to be considered in the design space
complexity estimates. For instance, if one epoch of
retraining yields nearly all accuracy recovery, while the
subsequent five epochs contribute an additional
improvement of less than 5% relative to the gain obtained
in the first epoch, then the extra benefit is considered
negligible. In this case, treating fine-tuning as a simple
binary switch (no fine-tune vs. with fine-tune) is sufficient.
We test this by measuring the accuracy when fine-tuning
the compressed model with varying epoch using the
previously identified sensitive layers.

Furthermore, we also evaluated an aggressive setting in
which every layer was fixed at 2-bit quantization to ensure
that accuracy saturation was not masking potential gains.
By examining both moderate and aggressive compression
configurations by varying the global bitwidth, we aim to
exclude the possibility that the absence of accuracy
improvements is due to saturation effects.

4. EXPERIMENT DETAILS

We evaluated our methods on the CIFAR-10 dataset [24],
which consists of 60k images across 10 classes, where we
split the dataset to a 5:1 training and testing ratio. Standard
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preprocessing was applied which are random cropping,
horizontal flipping, and normalization. The baseline model
is a pre-trained ResNet-20 [21], a smaller variant of the
ResNet family designed for efficiency. ResNet-20 was
originally derived from ResNet-50 by reducing depth,
making it suitable for CIFAR-10. The network consists of
19 convolutional layers and 1 fully-connected output layer.
We applied pruning and quantization only to the
convolutional layers, as they dominate the overall
computation in deep neural networks [3, 13]. All accuracy
results are reported on the test set as top-1 accuracy. The
fine-tuning protocol used for all pruning and quantization
experiments is summarized in Table 2. Experiments were
run on a workstation with an Intel i7-13700KF CPU,
32GB RAM, and an NVIDIA RTX 4070 GPU, using
Windows 10, CUDA 12.1 and PyTorch 2.6.0 for
implementation.

Table 2. Fine-tuning hyperparameter settings.

Item Setting
Optimizer Stochastic gradient descent
Learning rate 0.005
Momentum 0.9
Weight decay 4 x10°°
Batch size 256

5. RESULTS AND DISCUSSION

This section presents the layer-wise sensitivity results,
followed by an analysis of why fine-tuning does not affect
the design space complexity.

5.1 Layer-wise Joint Pruning-Quantization Sensitivity

This subsection presents the layer-wise sensitivity
outcome and analysis for pruning, quantization, and joint
pruning-quantization.

5.1.1 Pruning

As expected, pruning with a higher pruning ratio reduces
accuracy even further, as shown in Figure 1. With the
exception of Layer 1, sensitivity to pruning increases
progressively for deeper layers (Layers 2—19), when using
a 90% top-1 accuracy threshold as the acceptability
criterion. Shallow layers can sustain higher pruning ratios
before accuracy falls below 90%, whereas deeper layers hit
this accuracy threshold at lower pruning ratios. Some
suggests that this is because the feature maps in deeper
layers have smaller dimensions due to max pooling [25],
making them more sensitive to pruning. Another possible
reason is that pruning sensitivity in deeper layers are
proportional to the number of classes, as it requires more
channels to preserve sufficient feature maps [26]. On the
other hand, Layer 1 is sensitive because it propagates
information to all subsequent layers. In many heuristic
approaches, the first layer is typically left unpruned and
unquantized [13].

Beyond the 90% accuracy threshold, evaluating how
much information each layer contributes to the network
becomes more complex. For example, pruning Layers 9
and 10 with a 0.3 ratio still keeps accuracy above 90% for
both. However, under a much more aggressive 0.8 pruning
ratio, Layer 9 becomes highly sensitive (accuracy drops to
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41%) while Layer 10 remains comparatively robust
(accuracy maintained at 83%).

Pruning Ratio

00 0.1 02 03 04 05 06 07 08 09 1.0
Layer_| 9148 91.48 9148 91.26 90.44 87.98 8391 77.66
Layer 2 91.48 91.48 9136 90.94 90.80 90.84 90.81 90.12 8898 8831 74.01
Layer 3 9148 9147 9153 9LI1 90.95 91.04 90.58 9047 87.81 8622 78.79
Layer 4 9148 90.82 90.57 90.22 89.87 8563 8521 84.09 | 6446 7230
Layer 5 9148 91,53 9118 9027 90.17 89.45 8883 8840 8635 84.69 7530
Layer 6 9148 9148 9127 90.60 89.78 86.65 8235 79.56 74.74 65.10
Layer 7 9148 9131 9130 91.01 91.07 87.95 8520 85.19 | 59.76
Layer 8 9148 9134 90.56 90.45 87.49 8541 8222 7851 69.28
Layer 9 9148 9132 90.82 90.23 8391 8277 80.06 72.01
Layer 10 9148 91.54 9123 90.34 89.50 8855 87.30 8551 8328 78.84 5830
Layer 11 91.48 91.09 9091 90.35 8950 89.75 89.13 87.23 81.67 77.65 68.72
Layer 12 9148 9112 9040 89.64 77.05 7346 71.08 6626 63.54 IERIEETRT)
Layer 13 9148 9151 9148 90.08 89.84 89.81 8881 8843 86.81 84.60 81.69
Layer 14 9148 90.88 89.55 8815 8451 74.03
Layer IS 91.48 90.96 90.03 87.70 84.19 80.06 7699 70.27 5925
Layer 16 91.48 8641 86.65 80.69 7894 79.66 73.61 69.46 6479 63.87 59.88
Layer 17 91.48 91.17 89.03 86.55 8474 8515 83.86 7941 73.94 57.57 57.88
Layer 18 9148 80.81 8480 79.59 8280 77.88 | 59.84
Layer 19 9148 91.42 9143 91.39 90.80 90.55 89.53

82.65 | 72.79

v T MAX

Figure 1. Layer-wise pruning sensitivity.

5.1.2 Quantization

Quantization’s impact on the model accuracy shows a
different pattern from pruning. As shown in Figure 2,
reducing the bitwidth of individual layers causes nearly all
layers to incur a similar drop in accuracy. For example,
when each layer (except the first) is individually quantized
to 3-bit, the average accuracy is approximately 80%.
However, when quantized to 2-bit, the average accuracy
drops to around 60%. This relatively uniform impact
suggests that quantization error in any of the layers has a
comparable effect on final accuracy.

Quantization Bitwidth

8 7 6 5 4 3 2 1
Layer 1 9141 9132 9LI1 8859 81.73 11.60  10.00
Layer 2 91.41 9151 9149 91.21 89.60 8262 73.85 7231
Layer 3 91.41 9120 9130 91.01 8959 86.04 7742 7591
Layer 4 9141 91.64 91.65 91.26 90.06 8550 72.80 71.06
Layer 5 9141 9148 9157 91.52 90.40 88.03 78.05 76.71
Layer 6  91.41 9149 9133 9146 90.52 81.92
Layer 7  91.41 91.13 91.52 91.17 89.89 85.05 | 6136 60.17
Layer 8 9141 91.52 9142 9116 89.04 8139 [NEECEEEENN
Layer 9  91.41 91.54 9147 91.17 8936 81.38
Layer 10 91.41 91.34 9134 9122 9141 89.66 73.41 64.82
Layer 11 91.41 9148 9131 91.58 90.92 8696 7721 76.40
Layer 12 9141 91.35 9132 9147 9078 89.50 81.17 81.73
Layer 13 91.41 9129 91.47 91.28 90.49 8830 8552 84.12
Layer_14 9141 91.52 9130 9121 90.76 85.97
Layer 15 91.41 9131 91.40 91.49 91.04 88.81 | 5522
Layer 16 91.41 9142 9131 91.65 9046 8574 = 63.80 | 56.00
Layer 17 91.41 9146 91.19 9148 90.68 87.53 75.15 73.14
Layer 18 9141 9138 9145 9135 90.59 83.46
Layer 19 91.41 9142 9132 91.63 9145 91.03 79.04 | 58.60

v~ MAX

Figure 2. Layer-wise quantization sensitivity.

Although the pruning and quantization sensitivity matrices
may suggest that ResNet-20 is less sensitive to
quantization than pruning, it is important to clarify that our
quantization experiments included a one-epoch of fine-
tuning whereas pruning did not. Quantization-aware fine-
tuning helped the network tolerate low-bit weights,
whereas the pruning results were worst-case (no fine-
tuning). Generally, CNN models are more sensitive to
quantization than pruning, as reducing the bitwidth by one-

bit halves the number of possible representable values in a
layer, whereas pruning merely removes filters with the
lowest magnitudes [14]. Thus, this also highlights the
importance of even minimal fine-tuning.

5.1.3 Joint Pruning-Quantization

When pruning and quantization are applied together, we
observed that with fine-tuning, the model can maintain
high accuracy even under significant compression. In our
joint pruning-quantization test (with each layer pruned by
various amounts and all layers are quantized to 8-bit), most
configurations achieved reasonably high accuracy after the
I-epoch fine-tune, as depicted in Figure 3. By contrast,
disabling fine-tuning led to a severe accuracy drop which
is around 10% for most layers across all pruning ratios.

Joint Pruning-Quantization (Quantized to a fixed 8-Bit bitwidth) - Finetune epoch = 1
Pruning Ratio
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Layer 1 9148 91.44 9154 9130 90.99 90.99 90.74 90.46 90.42 86.56
Layer 2 91.48 91.60 91.37 91.40 9142 9124 91.26 9129 91.04 90.86 90.07
Layer 3 9148 9149 9142 9141 9146 9146 91.61 91.39 91.04 90.79 90.59
Layer 4 91.48 9143 9145 91.40 91.10 90.82 90.76 90.53 90.16 90.41 88.24
Layer 5 91.48 9131 9141 9120 91.17 90.99 90.81 90.95 90.41 90.04 89.89
Layer 6 91.48 91.37 91.41 9146 91.34 91.15 90.92 90.48 90.78 89.60 89.29
Layer 7 91.48 91.68 91.46 91.46 91.31 9151 91.14 90.72 89.80 90.00 89.25
Layer 8 9148 9141 9121 9131 91.07 90.72 90.66 90.32 90.33 89.40 85.62
Layer 9 91.48 9120 91.11 91.04 91.19 9093 90.58 90.71 90.16 89.56 88.63
Layer 10 91.48 91.17 9138 91.13 9120 90.93 90.80 90.65 90.27 89.95 89.45
Layer 11 91.48 9142 91.34 91.25 91.07 90.76 90.60 90.38 90.02 89.87 89.39
Layer 12 91.48 91.15 91.32 9135 91.25 90.73 90.93 90.46 90.25 89.99 87.31
Layer 13 9148 91.54 91.49 91.20 91.34 91.04 91.12 90.70 90.56 90.26 89.87
Layer 14 9148 91.25 90.84 90.83 90.20 89.75 89.27 8831 87.56 86.48 81.97
Layer 15 91.48 91.21 91.30 90.84 9039 89.72 89.28 89.21 88.80 86.97 85.28
Layer 16 91.48 91.50 91.02 90.73 90.36 90.03 89.60 89.29 87.68 86.82 86.84
Layer 17 9148 91.37 91.20 91.16 90.95 90.82 90.32 89.98 89.67 8884 86.88
Layer 18 91.48 91.38 91.20 91.20 90.96 90.76 90.39 89.14 88.67 84.61
Layer 19 9148 9137 91.57 9129 9156 91.19 9121 90.82 90.24 88.51 80.69

NIN MAX

Figure 3. Layer-wise joint pruning-quantization
sensitivity fixed at 8-bits.

Ideally, quantization bitwidth would also be varied per
layer in these joint experiments to fully assess layer-wise
sensitivity under mixed compression. However, the search
space becomes too large if both pruning ratios and bitwidth
are exhaustively simulated for every layer. Thus, our fixed
8-bit joint analysis represents a constrained view of the
broader problem.

It is also important to note that our layer-wise studies
(Sections 5.1.1-5.1.3) isolate each layer by assessing it
independently. In practical scenario, compressing multiple
layers will have compounding effects. The sensitivity of a
given layer could change if the preceding layer has already
been pruned or quantized, since less information is flowing
into it. Similarly, a layer’s sensitivity under pruning and
quantization may differ from its sensitivity to either
method alone, since the techniques can complement each
other. For example, pruning reduces the number of weights
to be quantized, potentially allowing for more aggressive
quantization.

Accordingly, the results should be interpreted as a
simplified approximation of the full behavior. Another
limitation of this study is that the evaluation is restricted to
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(Fixed at 6 Bits)
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Fine-tune 1
Epoch

Fine-tune 3
Epochs

Fine-tune 2
Epochs

_— Fine-tunc 4
Epochs

— Fine-tune 5
Epochs

Figure 4. Accuracy with differing pruning ratio at 2-bits and 6-bits with varying fine-tuning epoch on sensitive layers.

a single model and dataset, namely ResNet-20 on CIFAR-
10. The observed trends, including fine-tuning saturation,
may vary for larger architectures or datasets with different
data complexity. This motivates future validation beyond
the current scope, as joint pruning-quantization has also
been studied beyond image classification and evaluated
across multiple datasets in other domains [27]. This design
space complexity explains why many recent works
formulate layer-wise joint pruning-quantization as an
optimization problem rather than exhaustive evaluation.
For instance, using optimization algorithm such as
Alternating Direction Method of Multipliers (ADMM)
[14], Bayesian [18, 19], or reinforcement learning [28].

5.2 Design Space Complexity Analysis with Fine-
Tuning

The above sensitivity analyses underscore that fine-tuning
plays a huge role in restoring accuracy to a compressed
model. However, many works ignore fine-tuning when
estimating the design space complexity for layer-wise joint
pruning-quantization. Our experiments validate the
reasoning behind this. In Figure 4, we plot the test
accuracy for two representative joint compression settings
as a function of pruning ratio, under different fine-tuning
epochs. One setting uses a “moderate” global quantization
(6-bit weights and activations) and the other an
“aggressive” global quantization (2-bit weights and
activations). In both cases, the accuracy curves show a
similar trend. Once at least 1 epoch of retraining is applied,
further fine-tuning (e.g. 2 to 5 epochs) yields only minor
incremental gains. In our experiments, the accuracy curves
for 1 and > 1 fine-tuning epochs are almost overlapping.
Quantitatively, in 99 out of 100 layer-wise joint pruning-
quantization scenarios, extending fine-tuning from 1 to 5
epochs changes the Top-1 accuracy by less than 5%. We
observed one exception at global 6-bit quantization with
100% pruning on layer 14, where the difference is
approximately 11%. Even in this extreme boundary case
(100% pruning), extending fine-tuning from 1 to 5 epochs
only yields a limited additional accuracy change. Overall,
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these results indicate that one epoch of retraining already
saturates the recoverable accuracy in layer-wise joint
pruning-quantization scenarios. Given these findings, fine-
tuning does not meaningfully increase the design space
complexity for layer-wise compression. Fine-tuning can be
treated as a binary decision (to fine-tune or not) rather than
a continuous hyper-parameter to optimize.

5.3 Robustness Check with Learning Rate Variation

To assess robustness, we repeat fine-tuning on a
representative compression configuration (global 6-bit
quantization with 70% pruning on layer 1) using different
learning rates. Table 3 reports the Top-1 accuracy after 1
and 5 fine-tuning epochs and the corresponding accuracy
difference. Across the tested learning rates, the qualitative
behavior remains consistent, where extending fine-tuning
from 1 to 5 epochs yields only a small additional change in
Top-1 accuracy. Specifically, the difference remains
within a narrow range (approximately —0.8% to +1.2%)
across learning rates. This suggests that even when the
learning rate varies, fine-tuning epochs do not need to be
treated as an additional design-space dimension in layer-
wise joint pruning-quantization and can be modeled as a
binary decision when estimating design space complexity.

Table 3. Learning rate sensitivity for the outlier case.

Learning | Accuracy | Accuracy | Difference
rate (1 epoch) | (5epoch) | in accuracy
0.001 87.09% 88.28% 1.2%
0.003 88.23% 88.83% 0.6%
0.005 88.32% 88.24% -0.1%
0.010 88.83% 88.00% -0.8%
6. CONCLUSION

We have presented an in-depth analysis of layer-wise
sensitivity to pruning and quantization in ResNet-20, and
examined the role of fine-tuning in the design space
complexity estimates of layer-wise joint pruning-
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quantization. First, we found that deeper layers become
progressively more sensitive to pruning, with the exception
of the first layer. Second, quantization leads to relatively
uniform accuracy degradation across intermediate layers,
i.e., quantizing any single middle layer to a low bitwidth
tends to have a similar impact on accuracy. Third, joint
pruning-quantization with a fixed 8-bit quantization yields
high accuracy, largely due to the effect of fine-tuning.
While further compression is possible, the design space
becomes prohibitively complex.

Finally, we demonstrated that the accuracy does not
change significantly with varying numbers of fine-tuning
epochs, as accuracy saturates after 1 epoch. These findings
validate earlier estimates that justify excluding fine-tuning
when approximating the order of complexity for layer-
wise joint pruning-quantization. In essence, the influence
of fine-tuning on design space complexity is a binary
decision. The results depend on whether fine-tuning is
applied or not, rather than dependent on the number of
fine-tuning epochs. These findings suggest that future
research should prioritize strategies for selectively
compressing layers, determining which layers to compress
more or less, rather than focusing on fine-tuning duration.
Efficiently navigating the design space of layer-wise joint
pruning-quantization will be critical as DL models’
complexity continue to scale.
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