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Abstract. The Lottery Ticket Hypothesis (LTH) suggests that dense
networks contain sparse, trainable subnetworks, ”winning tickets”, that
can match the original model’s performance when trained in isolation.
These subnetworks are usually found through iterative pruning, but at high
sparsity many potentially effective subnetworks fail to converge under stan-
dard training. Knowledge distillation (KD) mitigates this issue by provid-
ing richer supervision from a teacher model. We propose the Knowledge-
Distilled Lottery Ticket (KDLT) procedure, a dual-phase method that
applies KD during pruning and retraining to recover stronger sparse sub-
networks. Experiments on MNIST, CIFAR-10/100, and Tiny-ImageNet
show that KDLT delivers higher accuracy at fixed sparsity or comparable
accuracy at higher sparsity.

1 Introduction

Efficient neural network design is critical for deployment on edge hardware,
where memory, computational, and energy resources are limited. Although deep
learning models have achieved remarkable success, their increasing complexity
poses significant challenges for inference in resource-constrained settings. This
motivates the development of methods that yield compact models without com-
promising performance.

The Lottery Ticket Hypothesis (LTH) [I] suggests that dense neural networks
contain sparse, trainable subnetworks, or ”winning tickets”, that can match
the task performance (e.g. classification accuracy) of the original model when
trained in isolation. Such subnetworks are typically identified through iterative
pruning, which removes weights until task performance degrades too excessively.
LTH has been explored through both one-shot and iterative pruning strategies
[1], with the latter generally achieving superior results at higher sparsity levels.
However, achieving dense-model performance at high sparsity is challenging:
many subnetworks that are potentially capable simply fail to converge under
standard training.

Knowledge distillation (KD) [2] addresses this limitation by using a teacher
network to provide richer supervision during training to a smaller student. This
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supervision can help recover sparse LTH subnetworks that would otherwise be
lost due to poor convergence under vanilla training.

In this work, we introduce the Knowledge-Distilled Lottery Ticket (KDLT), a
dual-phase procedure that incorporates KD during both pruning and retraining.
We argue that this enables the identification of subnetworks that match or exceed
the performance of conventional winning tickets at equal or higher sparsity levels.

The remainder of this paper is organised as follows: Section 2 reviews re-
lated work, Section 3 introduces the KDLT algorithm, Section 4 describes the
experimental setup, Section 5 presents and discusses the results, and Section 6
concludes with future directions.

2 Related Work

Recent studies have combined KD with the LTH to improve pruning perfor-
mance, each applying KD at different stages of the pipeline. Ma et al. [3]
introduce the KD Ticket approach, where a sparse subnetwork is first obtained
through standard iterative pruning and then retrained using soft labels from the
fully trained dense model. In this setting, KD is applied only during the retrain-
ing phase, allowing the pruned network to inherit information from the trained
the teacher. In contrast, Hippocampus et al. [4] propose KD-LTS, which injects
teacher knowledge at initialisation. Instead of pruning by magnitude or gradient
criteria, KD-LTS uses responses, features, and relational information obtained
from an ensemble of teachers to guide mask selection before any standard train-
ing occurs. Other works rely on domain-specific KD after pruning. Rajaram et
al. [B] combine LTH and KD for recommender systems using a Show-Attend-
and-Distill (SAD) mechanism. SAD replaces Kullback-Leibler (KL)-based dis-
tillation with an attention-driven feature matching loss, and distillation is used
only after pruning or during retraining. Finally, Li et al. [6] examine a similar
combination in Graph Neural Networks. Their method performs gradual itera-
tive magnitude pruning, and after each pruning step the smaller student network
is trained to imitate the output distribution of the pre-pruned teacher. Existing
work applies KD either in the pruning or retraining phase.

Our method, KDLT, applies KD in both the pruning and retraining stages.
Using conventional soft-label distillation, KDLT transfers teacher knowledge
while the pruning mask is being formed, and again when the final sparse subnet-
work is trained from its original initialisation. This dual-phase design unifies the
benefits of KD-assisted pruning and KD-assisted retraining, and aims to identify
smaller winning tickets without the performance degradation found in classical
LTH settings.

3 Methodology

In this section, we introduce the proposed KDLT framework, beginning with
brief reviews of the LTH [I] and KD [2] before presenting the integrated method-

ology.
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3.1 The Lottery Ticket Hypothesis

Let f(z;6) be a model with initial parameters 6y ~ Dy. After training for j
iterations, the network reaches task performance a. The hypothesis claims that
there exists a binary mask m € {0,1}° such that the subnetwork f(x;m © 6p)
can be trained to performance o’ > a in j < j, while ||m|lo < |6].

Frankle and Carbin identify such subnetworks using iterative magnitude
pruning (IMP): (1) initialise f(z;6); (2) train for j iterations to obtain 6;;
(3) prune the p% weights with the smallest magnitude to obtain mask m; and
(4) reset unpruned weights to their initial values.

IMP can be applied once or repeatedly, with iterative pruning typically yield-
ing smaller and more effective winning tickets [I]. This work, including the
proposed KDLT framework, follows the iterative approach.

3.2 Knowledge Distillation
Let z; denote the logit for class i, and define the temperature-scaled softmax

(T) ezi/T

4q; Z] e /T :
Both teacher and student use this softened distribution, yielding qt(T) and qu).
The student minimises a weighted sum of the standard cross-entropy loss with

true labels and the KL divergence between softened teacher and student outputs:

(T)
t,i
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The factor T2 ensures consistent gradient scaling with softened probabilities.

3.3 The Knowledge-Distilled Lottery Ticket Framework

The KDLT framework combines KD with LTH to identify sparse subnetworks
with improved performance at higher sparsity levels. Given a trained teacher
network, a student network with the same architecture is then trained via KD,
following the self-distillation strategy of Born-Again Networks [7]. After this
distillation stage, the student network undergoes global unstructured magnitude
pruning. KDLT supports both one-shot and iterative pruning. In the iterative
version, a fixed proportion of the lowest-magnitude weights is pruned at each
step, and surviving weights are reset to their initial values. After pruning, the
subnetwork is retrained using the Lioa with the same teacher model, which
remains fixed throughout the procedure. By integrating KD into both pruning
and retraining phases, KDLT is expected to improve identifying winning tick-
ets with increased sparsity. A formal description of the method is provided in
Algorithm 1.

If K =1, the algorithm performs one-shot pruning. If K > 1, pruning is
iterative. In all cases, the teacher remains fixed, and the student is retrained
using KD after pruning.
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Algorithm 1 Knowledge-Distilled Lottery Ticket (KDLT)

Require: Pretrained teacher model 0ieqcher, training data D, model f(x;0),
pruning rate p, nr. of iterations K
Initialize weights 6y ~ Dy of student model with same architecture as teacher
Train student model using KD to obtain 0tygent
for k=1to K do
Create mask m to prune the p% weights with the smallest absolute value.
Reset surviving weights to values in 6y
Retrain f(z;m © 6p) using Liotal
end for
return Sparse student model f(x;m © 6y)

4 Experiments

To evaluate our approach, we conducted experiments on four standard image-
classification benchmarks. CIFAR-10/100 consists of small images across 10 and
100 classes, respectively [§], while MNIST contains greyscale images of hand-
written digits [9]. Detailed specifications for these datasets can be found in
their original references. Tiny-ImageNet, a 200-class subset of ImageNet, pro-
vides 64 x 64 images with 100,000 training and 10,000 validation/test samples
(500 per class) [10, [I1]. For CIFAR and Tiny-ImageNet, we employ a ResNet-18
backbone [12], and for MNIST we use the LeNet-5 [I3] architecture. All datasets
use an 80/20 split of the official training set for training/validation to ensure a
consistent evaluation protocol. For training, all experiments are implemented
in PyTorch, and we apply standard data augmentation following [13| 12]. For
TinyImageNet, we additionally use RandAugment [14]. All networks are ini-
tialised using uniform Kaiming He initialisation [I5]. For all KD experiments,
the temperature 7" and weighting factor « are set to 2 and 0.25, respectively,
selected via a grid search on ResNet-18 with CIFAR-10. All remaining training
configurations and hyperparameters are summarised in Table

. Optimizer Settings
Dataset Network | Batch Size | Epochs SGD Adam
MNIST LeNet-5 r—01
CIFAR-10 128 . e o
CIFAR-100 | ResNet-18 S I AURPE K
Tiny-ImageNet 256 & V=

Note:Applied LR scheduling (halve-on-plateau, patience=20) and early stopping (patience=100).
Table 1: Training settings across datasets, networks, and optimizers.

5 Results and Discussion

Figure [I] summarises the experimental results, comparing the unpruned base-
line, the iterative LTH method [1], and our proposed iterative KDLT approach.
Results are shown for both Adam [I6] and SGD [I7] optimizers. Each pruning
method is run for 25 iterations, removing 20% of the remaining weights per step.
The reported sparsity levels therefore reflect the discrete sparsity reached after
each iteration rather than a uniformly spaced linear scale.
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Fig. 1: Accuracy-Sparsity Curves Comparing the Baseline, LTH, and KDLT
Pruning Methods Across All Datasets

KDLT generally outperforms the standard LTH approach across datasets.
On MNIST, all methods achieve similarly high accuracy due to the simplicity
of the task, though KDLT-SGD shows an edge at extreme sparsity. On CIFAR-
10/100, KDLT-Adam shows an advantage over LTH-Adam as sparsity increases,
whereas KDLT-SGD offers only moderate or no improvements over LTH-SGD.
The SGD-based methods lead at lower sparsity levels, while the Adam-based
methods prove more resilient at higher sparsity. For Tiny-ImageNet, KDLT-
Adam demonstrates modest gains over LTH-Adam at low-to-mid sparsity, and
the same crossover behavior is observed. These results indicate that KDLT effec-
tively transfers knowledge from the dense model and stabilizes sparse training,
particularly in more challenging settings.

Optimizer choice thus plays a significant role. While trends vary by dataset
and sparsity level, the results indicate that the interaction between optimizer and
pruning intensity consistently affects final performance and should be considered
when designing sparse training pipelines.

6 Conclusion

We introduced the Knowledge-Distilled Lottery Ticket (KDLT) algorithm, which
integrates knowledge distillation into both the pruning and retraining stages of
the lottery ticket framework. Experimental results on MNIST, CIFAR-10/100,
and Tiny-ImageNet (using LeNet-5 and ResNet-18 models) demonstrate that
KDLT produces sparser winning tickets with higher test accuracy than stan-
dard iterative LTH. These findings confirm the empirical advantage of combining
knowledge distillation with the lottery ticket approach: the combined method
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yields compact, high-performing networks that maintain accuracy even under
aggressive pruning.

Future Work will examine how the KD hyperparameters o and 7', influence
the quality of sparse subnetworks. In addition, expanding the KDLT framework
to a broader range of architectures and datasets will help assess its generality
beyond the settings explored here. Finally, a deeper investigation into opti-
mizer behaviour under sparsity is warranted, including the exploration of hybrid
or more advanced strategies to better understand and potentially mitigate the
differing degradation patterns observed across optimizers.
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