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Sparse Neural Networks (SNNs) have received voluminous attention predominantly due to
growing computational and memory in large-scale models....
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Fig. 1. Literature development of sparsity over the years.

Hoefler, T, Alistarh, D., Ben-Nun, T, Dryden, N., & Peste, A. (2021). Sparsity in Deep Learning: Pruning and growth for efficient
inference and training in neural networks. J. Mach. Learn. Res., 22(241), 1-124.
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Question: as our models are getting huge(r) ...
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Desired Sparsity: 5% Lottery Ticket Hypothesis
Computational Cost: kzry X E epochs Multi Pass Mask Finding Process
Iteration: 0
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Table 2. Details of fine-tuning CLIP (ViT-B32) at varying sparsity levels using Instant Soup Pruning following the settings listed in
Table 1. Learning rate decays linearly from the initial value to zero. The evaluation metrics follow standards in (Radford et al., 2021).
Entries with errors are the average across three runs, and errors are the standard deviations. LTH results are obtained using IMP.

. | Cars | MNIST | SVHN | GTSRB | CIFAR10 | CIFAR100
Pruning Method
| 30% 40% S50% | 70% 80% 90% | 70% 80% 90% | 50% 60% 0% | 60% 0% 80% | 60% T0%  80%

Full CLIPy:: 53, | 76.43 £ 0.5 | 99.61 + 0.07 | 97.40 + 0.11 | 99.08 + 0.24 | 97.6 +0.24 | 89.35 £ 0.19
Random 911 558 447 | 9871 9742 87.04 | 89.85 8561 7374 | 9376 93.65 9097 | 74.51 69.84 64.96 | 4520 3992 4324
One-shot [Mag] 7195  68.07 5679 | 9927 98.87 9747 | 9502 91.96 8576 | 98.60 97.84 96.14 | 9531 86.56 75.85 | 8039 63.18 46.63
Progressive [Mag] 69.85 68.62 6443 | 9952 9777 95.19 | 9578 90.53 8575 | 9897 97.57 9634 | 9525 90.87 78.11 | 81.79 7053 60.93
EarlyBird (Youetal,2019) | 72.53 7076 6590 | 99.38 9896 97.64 | 9634 9593 87.02 | 98.15 98.19 97.26 | 96.06 94.18 86.84 | 8422 7679 65.67
SNIP (Lee et al., 2018) 7151 6879 59.01 | 9925 9872 97.50 | 9533 91.94 8298 | 9862 9795 9622 | 9501 8745 76.12 | 81.10 6289 55.89
GraSP (Wang et al., 2020) 7142 68.55 5812 | 9930 9851 97.15 | 95.09 9144 8472 | 9837 9742 9591 | 9520 86.89 75.88 | 80.67 6631 5230
LTH (Frankle & Carbin, 2018) | 73.97 72.02 66.12 | 9941 9938 9822 | 96.69 9528 87.41 | 9871 9835 97.79 | 9642 9491 87.47 | 8425 7860 6538
LTH - Rewind 7428 7209 6607 | 99.62 99.64 98.18 | 9672 9522 8747 | 9878 9836 97.87 | 96.53 94.88 87.28 | 84.46 7862 65.71
Lottery Pool (Yinetal.,2022) | 73.10 70.53 64.67 | 9925 9897 97.76 | 96.54 95.12 87.29 | 9852 9830 97.55 | 96.14 9450 87.11 | 84.07 7821 6439
ISP [Ours) 7513 7220 6632 | 99.69 99.61 98.82 9693 9646 87.59 | 99.06 99.01 9852 9682 9518 91.20 | 8511 79.57 71.09

(std.) +034 £027 082 | £0.07 +0.15 021 £0.08 £005 =£0.11 | £0.15 £0.29 £032 +0.15 020 =£0.14 | £0.19 022 +0.17
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Table 3. Details of fine-tuning BERT (BASE) at varying sparsity levels using Instant Soup Pruning following the settings listed in Table 1.
Learning rate decays linearly from the initial value to zero. The evaluation metrics follow standards in (Wolf et al., 2019). Entries with
errors are the average across three runs, and errors are the standard deviations. LTH results are obtained using IMP.

Dataset |  MNLI QQP STS-B WNLI QNLI MPRC RTS SST-2 CoLA
Sparsity | 70% 90% 50% 90% 70% 50% 60% 60% 50%
Full BERTzpse | 8244+05 902+05 884+03 549+12 89.14+10 852401 662+3.6 9214+0.1 545+04
Random 67.5 76.3 21.0 535 61.9 69.6 56.0 83.1 9.6
One-shot 78.8 86.2 83.9 53.1 86.2 83.7 62.9 86.5 49.7
Progressive 79.1 87.5 85.0 533 87.2 83.8 65.4 86.6 522
EarlyBird 825 89.4 88.1 54.0 88.5 84.6 66.1 91.2 535
Lottery Ticket 82.6 90.0 88.2 549 88.9 84.9 65.0 91.9 53.8
Lottery Pool 80.4 89.1 86.4 50.9 87.6 84.5 62.7 90.9 52.6

ISP | 8271+ 0.6 90.59+0.5 88.64+0.1 5533+03 90.06+1.0 8538+0.1 6596+03 9243+0.6 53.61+0.2
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