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ABSTRACT

Unstructured, global pruning is highly effective at reducing parameter count while
maintaining effective test-time accuracy. Yet, it is not used in practice, as improve-
ments in inference times are limited despite the lower parameter count due to the
sparsity of the final model. In contrast, structured pruning yields a denser, more
efficient model but often cannot capture the same level of performance at similar
pruning ratios. We look at this problem from the perspective of the lottery ticket
hypothesis and test various structured pruning procedures across different mod-
ules (attention heads, entire layers, and groups of neurons) in a ViT to discover
which granularities can maintain test time performance while still producing a
dense model. Our approach multiplies each module’s output by a learnable L1-
regularized gate to encourage sparsity during training. We find that pruning 95%
of attention heads results in minimal accuracy loss, in line with prior work.

1 INTRODUCTION

The lottery ticket hypothesis paper shows that one can strategically remove most parameters in a
randomly initialized neural network, train only the remaining sub-network, and get performance
comparable to the full network (Frankle & Carbin, |2019). This lucky remaining combination of
parameters is called the “winning ticket”. A “winning ticket” corresponds to a set of dimensions
that SGD can descend on to get good performance. The lottery ticket hypothesis appears to apply to
most deep networks, including models such as BERT transformers (Chen et al., 2020).

The lottery ticket hypothesis implies that most parameters in a neural network are not strictly nec-
essary. So why not just train a smaller model? |Chang et al.[(2020) shows that starting with a large
model and pruning it results in significantly higher accuracies than training a small model directly.

A possible explanation for this is that small models have less sub-networks, reducing the likelihood
that one of them is a winning ticket. The number of possible sub-networks scales roughly O(2")
with parameter count n. So a large model is more likely to have winning tickets, and pruning isolates
them, while discarding the rest of the neural network. Unstructured pruning removes individual
weights and biases from a neural network. It has been shown to reduce the model parameter count
by over 95% (LeCun et al.| {1989).

Unfortunately, unstructured pruning is not without its faults. Unstructured pruning sets elements of
weight matrices and bias vectors to zero. This results in sparse matrices which generally aren’t any
faster at inference on GPUs than non-sparse matrices.

A more GPU-friendly alternative is structured pruning, which removes chunks of a model at a time,
allowing entire matrix multiplications to be eliminated. A concern with structured pruning is that
it causes a larger decline in accuracy for the same number of parameters removed. From the per-
spective of the lottery ticket hypothesis, if the number of prunable modules is m, then there are



O(2™) possible resulting sub-networks. As m decreases, the probability that one of the possible
sub-networks contains a winning ticket decreases. Nevertheless, structured pruning can still achieve
good results. We hypothesize that with the correct approach, structured pruning can approach the
accuracy of unstructured pruning.

To test this hypothesis and better understand how pruning granularity (the size of modules being
pruned) impacts accuracy, we present experimental results of structured pruning at different gran-
ularities in a ViT model trained on the CIFAR-100 and tiny-imagenet. We test pruning attention
heads, entire layers, and 16 and 32 neuron sized chunks of projection layers.

2 RELATED WORKS

Network Slimming. (Liu et al., 2017 This is a structured pruning procedure that removes entire
convolution channels from a CNN. It assumes that the inputs to each convolution are passed through
a BatchNorm layer with a learnable scale parameter . They L1 regularize this scale parameter and
remove convolutions with the lowest scale parameter magnitudes, setting the outputs to zeros.

Structured pruning of LLLM attention heads. Michel et al.|(2019) show that most attention heads
in transformer models can be removed after training with minimal drop in performance. Through
head masking experiments on machine translation and natural language inference tasks, they find
that many heads contribute little to the final prediction. Similarly, |Voita et al.|(2019) used linguistic
analysis to show that attention heads exhibit varying levels of importance. While a few special-
ized heads capture syntactic and positional information, the majority can be pruned with negligible
degradation.

Structured pruning of ViTs. |Yu & Wul(2021) prune attention heads, MLP dimensions, embed-
dings, and other components. They calculate an importance score for each channel by temporarily
masking it out and computing the KL-divergence between the output logits of the original, unpruned
model and the masked model. Channels that cause a high KL-divergence when removed are retained,
whereas others are pruned.

3 GRANULAR PRUNING PROCEDURE

3.1 OVERVIEW

Our pruning approach is closely inspired by the Network Slimming procedure. Our approach does
not require BatchNorm, works on architectures beyond CNNs such as Transformers, and is designed
to leverage skip connections. We take a module with a skip connection, and add a gate to its output.
The gate has a single parameter that multiplies the outputs before they are added to the skip connec-
tion. If the gate parameter goes to zero, the module is entirely bypassed by the skip connection. In
this case, the module can be safely removed without affecting the neural network.

To encourage gate parameters to go to zero, we apply L1 regularization to them. This by itself leads
internal module weights to grow, countering this effect. To discourage internal parameters from
growing too far, we apply regularization on them too. As we aren’t trying to achieve sparsity within
the modules, we use L2 regularization for this purpose.

Network Slimming (Liu et al.) Our gated pruning approach
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Figure 1: Accuracy of different-sized models.



3.2 PRUNING PROCEDURES

We employ three major variations for our pruning procedure:

1. Train the model to convergence while freezing all gate parameters to 1. During this pre-
pruning training phase, no L1 loss or gradients are propagated to the gate parameters (but
L2 regularization is used on the rest of the parameters). After the model has converged,
unfreeze all the gate parameters, and train the model while applying L1 loss to the gate
parameters and backpropagating the loss. Every n epochs, “prune” some percentage of
the remaining groups, iterating over this process until a desired pruning ratio is achieved,
where n is a hyperparameter.

2. Train the model to convergence while applying L1 loss to all gate parameters (and L2
regularization for the rest of the parameters). After the model has converged, train the
model while applying L1 loss to the gate parameters and backpropagating the loss. Every
n epochs, “prune” some percentage of the remaining groups, iterating over this process
until a desired pruning ratio is achieved.

3. From the very beginning of the training procedure, apply L1 loss to all gate parameters
(and L2 regularization for the rest of the parameters) and every n epochs, “prune” some
percentage of the remaining groups, iterating over this process until a desired pruning ratio
is achieved.

While these three pruning procedures are similar, there are significant differences between the three
of them.

Procedure one is most effective for large models that have already been trained, because the pruning
procedure is entirely post-hoc. Even if the original model architecture was not designed for this
pruning procedure, the required gate parameters can be inserted into the model afterward, and the
iterative pruning and fine-tuning procedure can still be run.

For models that are trained with the pruning procedure in mind from the very beginning, procedures
two and three may be a better fit. During the main training procedure, L1 loss is applied from
the very beginning, helping to earlier isolate sub-networks that do not contribute as much to the
accuracy of the model. However, procedure two only prunes groups after the original model has
fully converged, while procedure three iteratively prunes groups during the main training procedure.
In this manner, procedure three more closely mimics the original lottery ticket hypothesis pruning
approach Frankle & Carbin|(2019), though with some differences (such as not re-initializing weights
from scratch). However, procedure two may better take advantage of the sparsity produced by the
L1 regularization, because it is allowed to train to convergence before any pruning takes place.

4 EXPERIMENTAL RESULTS

4.1 EXPERIMENT SETUP

To evaluate our pruning procedures, we construct instances of the same ViT model that vary accord-
ing to the pruning granularity we wish to prune at. We list these below:

* Layer-wise pruning: We attach the gate parameter directly to the output of each trans-
former block, which contains the attention mapping and projection mechanism, along with
a feed-forward network that follows it.

* Head-wise pruning: We attach the gate parameter to the output of each head in the trans-
former blocks. Because our ViT model applies multi-headed attention, there are multiple
gate parameters per layer. Note that because the feed-forward network does not contain any
heads, the pruning ratio achievable by this type of pruning is lower than that of the other
pruning approaches (which is reflected by our results).

¢ Grouped-neuron pruning: We design a custom linear module that groups neuron outputs
into specific sizes, depending on how it is parameterized. For each group in the layer,
we attach a gate parameter. We note that this implementation does not contain a skip
connection, which may lower performance. We use group sizes of 64 and 16.



* Unstructured lottery ticket pruning: We apply the iterative, unstructured pruning ap-
proach described by the original lottery ticket paper. For this, all gate parameters are frozen.

To test the different granularities, we apply our three different procedures to the openly available
CIFAR-100 dataset and plot the results below. The graphs on the left-hand side show test accuracies
for the various granularities after the procedure has been completed, demonstrating the effects of
removing fractions of the prunable groups. The graphs on the right-hand side show similar values,
but the x-axis instead shows the true fraction of parameters that have not been pruned (since the
various granularities may not all achieve the same exact scarcities due to the implementation details).
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Figure 2: Train to convergence (with no gate L1 loss), then iteratively prune/train (with gate L1 loss)
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Figure 3: Train to convergence (with gate L1 loss), then iteratively prune/train (with gate L1 loss)
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Figure 4: Iteratively prune and finetune with gate L1 loss

5 DISCUSSION

5.1 ANALYSIS

Remarkably, we find that the structured pruning approaches often achieve better test accuracies at
finer granularities. This is more pronounced in procedures one and three, where there is a steep



drop-off in accuracy for the finer granularities with group sizes 64 and 16. Surprisingly, even the
iterative globally unstructured pruning performs slightly worse than the more structured pruning
methods. This is rather unexpected, as unstructured pruning often performs better than structured
pruning, due to its ability to more closely isolate sub-networks in the larger network.

However, this particular behavior may be due to the nature of transformers. Previous works, such as
Voita et al.|(2019) and Michel et al.|(2019)), find that more attention heads do not necessarily improve
performance. In fact, removing heads and leaving behind more specialized heads can even perform
better. Some researchers even find that layers can be reduced to just one head, using greedy and
magnitude-based approaches. This also suggests that entire layers can be removed if all heads in that
layer do not perform well. This supports our results. Due to the inherent structure of transformers,
large swaths of heads without degrading performance too much. In procedure two, nearly 95 percent
of heads are removed without seriously degrading performance.

In contrast, the grouped-neuron pruning performed very poorly, especially in procedure three. We
suspect this is due to a few factors. Since there are many more groups with gate parameters, it is
possible that the L1 normalization loss fails to isolate the most and least important groups, leading
to poorer pruning selections. It may also be more sensitive to the L1 hyperparameter constant.
Furthermore, the implementation of the custom grouped-neuron linear layer simply sets the output
of pruned groups to 0, and with no residual connection, bottlenecks may form in how the data flows
through the network.

5.2 LIMITATIONS

Due to limited compute, and the large number of model configurations needed to be trained, it was
intractable to perform an extensive hyperparameter search for our plots. It is possible that certain
comparisons with the different procedures could have yielded different results with more effective
hyperparameters. Likewise, larger and higher-dimensional datasets are similarly intractable, due to
the significantly longer training times. However, we also performed the same experiments on the
tiny-imagenet dataset with similar results (plots omitted for brevity).

6 CONCLUSION

In this paper, we tested the accuracy decline from pruning at a granularity of attention heads, trans-
former layers, and neuron groups of size 32 and 64. We compared this to unstructured lottery-ticket-
hypothesis-style pruning. We observed that pruning high ratios of ViT heads and layers is possible
with very little accuracy impact. This supports training large models and structurally removing the
majority of their parameters as a way of balancing high accuracy and generalization with small
model size and GPU-friendly performance.

Furthermore, while decreasing the number of modules may decrease the number of potential pruned
configurations available, with coarser granularities, there exists a number of parameter configura-
tions per each module. This significantly increases the number of subnetworks selectable at higher
granularities. This is backed by the results, which suggest, in contrast to our initial assumptions,
pruning at coarser granularities does not substantially reduce the number of winning tickets that
may be selected.

For future work, we would like to run sweeps across hyperparameters such as the L1 gate regulariza-
tion strength, number of finetuning epochs, and more. Additionally, quantifying the performance-
accuracy tradeoff between pruning and the closely related mixture-of-expert approach could be in-
sightful. Finally, it might be useful to compare the size compression achievable via pruning to that
achieved via distillation, along with comparing models directly trained with the same parameter as
the pruned models.

7 OUR EARLIER EXPERIMENTS

We arrived at our structured pruning direction near the end of the quarter. Prior to that, we ran a
collection of related experiments studying why large models generalize better to unseen data. A real



research paper would focus just on the final direction, but as this is a capstone, we’re including notes
from our other experiments here, in a blog post style.

7.1 LARGE MODEL PERFORMANCE

“Deep double descent” is the observation that large overparameterized models tend to overfit less and
generalize better to new data (Nakkiran et al.,2019) than small models. This can be counterintuitive,
as large models are theoretically capable of overfitting training data in much more complex ways
that don’t generalize.

To observe double descent, we trained 3 CNNs and 3 ViTs of varying sizes. To make overfitting
clearer, we trained on a subset of CIFAR-10, with just 6000 training images. For fairness, we
trained each model with similar hyperparameters (see our code) until maximum validation accuracy
did not increase for 3 epochs.

We used a basic CNN architecture composed of a series of convolution layers followed by a linear
layer. Each convolution layer is a 3x3 convolution, followed by a 2D batchnorm, ReL.U, and 2x2
max pool. The three sizes we used were:

Table 1

Model Layer channel counts

Small CNN 3,8
Medium CNN 3, 16, 32
Large CNN 3,128, 256, 512

Our vision transformer is also straightforward. It splits the image into 4x4 patches, which are pro-
jected to an embedding dimension, with added learned positional embedding. The backbone is a
stack of transformer layers, each with multi-head self-attention and a 2-layer perceptron. Classifica-
tion is done by average-pooling across patch tokens, flattening, and then a linear output layer for 10
classes. The three sizes we used were:

Table 2

Model Embedding dimension Num layers Num heads MLP hidden layer size ratio

Small ViT 32 4 2 2.0
Medium ViT 64 6 4 4.0
Large ViT 128 8 8 4.0
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Figure 5: Accuracy of different-sized models.

Our results show that adding more parameters to our CNN improved its training and test accuracy.
However, adding more parameters to our ViT only improved training accuracy and didn’t affect test
accuracy. While behavior differed across architectures, adding more parameters didn’t reduce test
accuracy in any case.



7.2 GENERALIZATION INVESTIGATION

We attempted to investigate why increasing model size doesn’t hurt generalization. Our hypothesis
was that large models can descend more directly to a solution, whereas small models meander more,
memorizing and overfitting along the way.

Valle-Pérez et al.|(2019) argue that random initialization (He et al.,2015)) is biased to sample simple
functions, as they occupy larger volumes of the parameter space than complex functions. Also,
infinitely wide neural networks are like Gaussian processes (Lee et al., 2018) which output similar
values for similar inputs, forming a smooth, simple function. Thus, we view initialization as a simple
starting point from which training progresses.

Nagarajan & Kolter (2019) says that SGD on deep networks tends to settle in solutions close to
initialization, rather than searching the entire hypothesis space.

Choromanska et al.|(2015) says that overparametrization increases the amount of good local minima.
Suboptimal critical points are likely to be saddle points, simply because there are so many dimen-
sions in the loss landscape. Similarly, Garipov et al.| (2018)) says that overparametrized models tend
to have more connected minima, with fewer suboptimal minima.

We interpret this through the lens of the lottery ticket hypothesis. We hypothesize that overpa-
rameterization helps because it provides more trainable subnetworks (winning lottery tickets) near
initialization, reducing the amount of movement required to reach a good solution. On the other
hand, a small model without a winning ticket has to meander longer through the loss landscape to
find a solution, which causes overfitting, and takes it further from its simple initialization, more
likely to a sharp minima.

To test if this is the case, we tracked measures of descent directness during training for different
networks. Our “cosine directness” computes the cosine similarities between adjacent steps and takes
the average of this for each epoch. We also calculate the RMS of the difference between parameters
at initialization and after training.
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Figure 6: Accuracy of different-sized models.

We get mixed results for cosine directness. Cosine directness during training was higher for larger
CNNs. However, this trend appeared to be reversed and less significant with ViTs. RMS deviation
of larger models tended to be lower, suggesting they do settle closer to their initialization.

However, these results should be taken with a grain of salt, as comparing similarity and deviation
across different dimensional space may not be the most meaningful, even for seemingly dimension-
invariant measures like cosine directness.

7.3 REGULARIZING TOWARDS INITIALIZATION

We decided it may be insightful to test whether incentivizing a solution closer to initialization im-
proves generalization. We did this by creating a custom L2 regularizer that penalizes distance from
initialization, rather than distance from the origin. We tested it on our medium CNN, on the subset
of CIFAR-10.
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Figure 7: Accuracy of different-sized models.

We did not observe a significant test accuracy difference between regularizing towards the origin
and towards the initialization point.

We observed that regularizing toward initialization decreased cosine directness during training,
whereas regularizing toward the origin increased it. This seems to make sense, as a model pulled to-
wards initialization will probably slide around in that region more. Whereas a model pulled towards
the origin, will slide more consistently in that direction.

7.4 PRUNING-AWARE REGULARIZATION

In our first experiment, we observed that increasing model size can improve generalization. How-
ever, models can be pruned aggressively, showing that most parameters are not needed at inference.
A common method of unstructured pruning is magnitude pruning, where you remove parameters
with the lowest magnitudes. With this in mind, we proposed a custom regularizer in order to test we
could improve the performance of magnitude pruning.

“iterative_train_prune” is the iterative magnitude pruning algorithm that the lottery ticket hypothesis
paper uses. This algorithm trains the model from initialization many times, each time removing the
lowest-magnitude weights, without using any regularization in particular.

“bottom 11~ and “bottom 12" only apply the decay of the regularizer to the k% of weights being
pruned with the lowest magnitude. The intent is to prevent them from messing with the important
high-magnitude weights that might be part of winning tickets.
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Figure 8: Accuracy of different-sized models.



The “bottom 117 algorithm achieved the highest post-pruning test accuracy for both 80% and 95%
pruning.

Interestingly, the L1 regularizers significantly decreased cosine directness, even making it negative.
This could be because L1 regularization more significantly impacts the large portion of weights that
are low-magnitude, whereas L2 focuses more on the few high magnitude weights. In this case, low
cosine directness did not correlate with overfitting or poor generalization, suggesting it is may not
be the best signal for prediction generalization.

7.5 DISTILLATION

Seeing that unstructured pruning is effective, yet doesn’t yield GPU-friendly shapes, we decided to
experiment with alternative methods of model size reduction. One such method commonly used on
language models is distillation.

We trained our large CNN on CIFAR-100, and then distilled it into our small CNN. We used a
temperature of 4.0 and an alpha of 0.8.
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Figure 9: Accuracy of different-sized models.

We were not able to get distillation to reach a higher accuracy than just training the small model
directly. It is possible that we did not do enough hyperparameter tuning. Another factor is that
distillation works better on large language models because their output probability distribution has
thousands of classes, allowing student models to better pick up “dark knowledge”, as opposed to
CIFAR-100’s only 100 classes.

Interestingtly, we noticed the model trained through distillation started descending with a higher
cosine directness and finished with a lower cosine directness than the small model trained directly.
This could be because learning from a teacher’s probability distribution smoothens and simplifies
the loss landscape, allowing the student to initially descend directly, before meandering a bit to fit
more closely to the data.

Seeing that distillation seems to have a limit on how effectively it can reduce model size, we decided
to run experiments of structured pruning, which may offer a middle ground between unstructured
pruning and distillation (which is covered by our main dicussion).
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