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Network Pruning

A popular approach for compressing neural networks.
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Learmning both weights and connections for Efficient Neural Networks. Han et al, 2015
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Behind the success

Magnitude Pruning: remove weights with smallest magnitudes.



Behind the success

Magnitude Pruning: remove weights with smallest magnitudes.

:> A simple but tough to beat baseline

The State of Sparsity in Deep Neural Networks

Trevor Gale ! T Erich Elsen*?> Sara Hooker !

WHAT IS THE STATE OF NEURAL NETWORK PRUNING?

Davis Blalock “! Jose Javier Gonzalez Ortiz"' Jonathan Frankle' John Guttag'




Setting the scope

« Jype of pruning:
* Unstructured Pruning
« Structured Pruning
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Setting the scope

« Jype of pruning:

* Unstructured Pruning
»Structured-Pruning Train Connectivity
* Pruning procedure Y
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Learning both weights and connections for Efficient Neural Networks. Han et al, 2015



Setting the scope

« Jype of pruning:

* Unstructured Pruning
»Structured-Pruning Train Connectivity
* Pruning procedure N
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Learning both weights and connections for Efficient Neural Networks. Han et al, 2015
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Magnitude Pruning
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Magnitude Pruning

S = |W| {@ Pruning Metric
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Magnitude Pruning

Weight Importance
Comparison Group :> grouped per layer
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Magnitude Pruning
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A Dilemma for Pruning LLMs

ImageNet Accuracy

WikiText Perplexity

Magnitude Pruning ConvNeXt LLaMA-7B
#Params 89M /B
Dense 83.8% 5.68

50% sparsity

18



A Dilemma for Pruning LLMs

ImageNet Accuracy WikiText Perplexity
Magnitude Pruning ConvNeXt LLaMA-7B
#Params 89M /B
Dense 83.8% 5.68
50% sparsity 82.4% 17.29

Significant performance drop.
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A Dilemma for Pruning LLMs

WikiText perplexity Dense 10% 20%

OPT-13B 10.13 14.45 9e3

|

Explodes at 20% sparsity!!!
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A Dilemma for Pruning LLMs

Large language models, despite having 100x or T000x more parameters, are
significantly harder to prune directly.
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A Dilemma for Pruning LLMs

Large language models, despite having 100x or T000x more parameters, are
significantly harder to prune directly.

:> Another Emergent Property?
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A Missing Ingredient

Outlier features affect quantization performance severely in large language models.
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LLM.Int8(): 8-bit Matrix Multiplication for Transformers at Scale. Dettmers et al, 2022. 23



Activations matter in network pruning

Consider a neuron with two inputs.
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Activations matter in network pruning

Magnitude Pruning:

:> always remove w, assume |w| < |w,|
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Activations matter in network pruning

Magnitude Pruning:

:> always remove w, assume |w| < |w,|

:> What if x; and x, differ significantly in scale?
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Limitations of Magnitude Pruning

Limitations of Magnitude Pruning:

:> No considerations of activations.
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Limitations of Magnitude Pruning

Limitations of Magnitude Pruning:

:> No considerations of activations.

:> Activations are just as important as weights.
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Our method

We propose Wanda: Pruning by Weights and activations.

Next we show how Wanda would prune this weight.
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Input Dimension
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1X][2

Weights and activations

Part 1: Pruning Metric

S = [W]-[IX][2
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4: Pruning Metric
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1X][2

Weights and activations

Part 1: Pruning Metric
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Another line of work

Core of GPTQ and SparseGPT:

L ayer-wise reconstruction!

GPTQ: Accurate Post-Training Quantization for Generative Pre-trained Transformers. Frantar et al, 2023,
SparseGPT: Massive Language Models can be accurately pruned in one-shot. Frantar et al, 2023.
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Another line of work

Core of GPTQ and SparseGPT:

L ayer-wise reconstruction!

argming; ||[WX — WX||2

"

Quantized/Sparse weights.

GPTQ: Accurate Post-Training Quantization for Generative Pre-trained Transformers. Frantar et al, 2023,
SparseGPT: Massive Language Models can be accurately pruned in one-shot. Frantar et al, 2023.
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Another line of work

Effect of removal can be characterized by:

Si; = [|[W]?/diag(X*X + AI)71)] ..

¥



Another line of work

Reduction inspired from Optimal Brain Damage (OBD):

S;; = [|W|2/diag ((XTX)_1>]

]
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Another line of work

Reduction inspired from Optimal Brain Damage (OBD):

d1ag0nal

S, =" |12 diag (X730 )| Wi /(dlag<xTX>)_le = (Wl 1%52)°

ij approx

|

Dropping off-diagonal elements in Hessian.
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Part 2: Comparison Group

Compare and remove weights locally inside each output neuron.
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Pruning per output

4101813
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Weight Importance

Comparison Group :> grouped per output

Compare and remove weights for each output neuron.
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Part 2: Comparison Group

Counter-intuitive.

Better than layer-wise comparisons for LLMSs.

OPT
Comparison Group Sparsity 125m 350m 1.3B 2.7B 6.7B 13B
per layer 50% 46.95 3897 2220 22.66 1535 13.54
per output 50% 3896 36.19 1942 1422 1197 1142

41



Part 2: Comparison Group

Counter-intuitive.

Better than layer-wise comparisons for LLMSs.

OPT
Comparison Group Sparsity 125m 350m 13B 2.7B  6.7B 13B
per layer 50% 46.95 38.97 2220 22.66 1535 13.54
per output 50% 3896 36.19 1942 14.22 1197 1142

) No idea why!l
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Weights and activations

Putting it all together
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Comparison

Magnitude Pruning

S = |W|
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Weights and activations

grouped per output
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Magnitude Pruning

Comparison

S =[W|
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In Practice

Algorithm 1 PyTorch code for Wanda

# W: weight matrix (C_out, C_in);
# X: input matrix (N * L, C_in);
# s: desired sparsity, between 0 and 1;

def prune(W, X, s):
metric = W.abs() * X.norm(p=2, dim=0)

_, sorted_idx = torch.sort (metric, dim=l)
pruned_idx = sorted_idx[:, :int (C_in * s)]
W.scatter_ (dim=1, index=pruned_ idx, src=0)

return W
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Structured N:M Sparsity

Definition: At most N non-zeros in every contiguous group of M weights.

In practice, 2:4 and 4:8 sparsity.

Structured-sparse

Dense matrix Wo matrix W

Fine-grained
structured pruning

2:4 sparsity: 2 non-
zero out of 4 entries

———— ¢ —

C

= zero entry

Accelerating Sparse Deep Neural Networks. Mishra et al, 2021
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Zero-Shot

LLaMA LLaMA-2
Method Weight Update  Sparsity B 13B 30B 65B B 13B 70B
Dense - 0% 5999 6259 6538 6697 59.71 63.03 67.08
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Zero-Shot

LLaMA LLaMA-2

Method Weight Update  Sparsity B 13B 30B 65B B 13B 70B

Dense - 0% 5999 6259 6538 6697 5971 63.03 67.08
Magnitude X 50% 46.94 4761 5383 62.74 51.14 5285 6093
Wanda X 50% 5421 5933 63.60 66.67 35624 60.83 67.03
Magnitude X 4:8 46.03 50.53 53.53 62.17 50.64 52.81 60.28
Wanda X 4:8 5276 56.09 61.00 64.97 5249 58.75 66.06
Magnitude X 2:4 4473 48.00 53.16 61.28 45.58 49.89 5995
Wanda X 2:4 48.53 5230 59.21 62.84 48.75 55.03 64.14

:> Consistently better than magnitude pruning.
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Zero-Shot

LLaMA LLaMA-2

Method Weight Update  Sparsity B 13B 30B 65B B 13B 70B

Dense - 0% 5999 6259 6538 6697 5971 63.03 67.08
SparseGPT v 50% 5494 58.61 63.09 6630 356.24 60.72 67.28
Wanda X 50% 5421 5933 63.60 66.67 35624 60.83 67.03
SparseGPT v 4:8 52.80 5599 60.79 64.87 353.80 359.15 65.84
Wanda X 4:8 5276 56.09 61.00 64.97 5249 58.75 66.06
SparseGPT v 2:4 50.60 353.22 5891 6257 35094 5486 63.89
Wanda X 2:4 48.53 5230 59.21 62.84 48.75 55.03 64.14

:> Wanda performs competitively against SparseGPT.
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Perplexity

LLaMA LLaMA-2
Method Weight Update  Sparsity 7B 13B 30B 65B 7B 13B  70B
Dense - 0% 5.68 509 477 356 512 457 3.12
Magnitude X 50% 1729 2021 754 590 1489 637 498
SparseGPT v 50% 722 621 531 457 651 563 3.98
Wanda X 50% 7.26 615 524 457 642 556 3.98
Magnitude X 4:8 16.84 1384 762 636 1648 6.76 554
SparseGPT v 4:8 8.61 740 6.17 538 812 6.60 4.59
Wanda X 4:8 8.57 740 597 530 797 655 447
Magnitude X 2:4 42.13 1837 9.10 7.11 5459 833 6.33
SparseGPT v 2:4 11.00 911 7.16 628 10.17 832 540
Wanda X 2:4 11.53 958 690 6.25 11.02 827 5.16
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OPT-13B

Method 10% 20% 30% 40% 50%
Magnitude 14.45 9e3 1ed 1ed 1ed
Wanda 10.09 10.07 10.09 10.63 11.42
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OPT-13B

Method 10% 20% 30% 40% 50%
Magnitude 14.45 9e3 1ed 1ed 1ed
Wanda 10.09 10.07 10.09 10.63 11.42

:> There exists exact and sparse sub-networks in pre-trained LLMSs.
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Higher Sparsity

LLaMA LLaMA-2
Method Weight Update  Sparsity 7B 13B 30B 65B 7B 13B 70B
Dense 0% 568 5.09 477 356 512 457 312
Magnitude 80% le5 3e4 le5 2¢4 nan  Se4 3ed

X
SparseGPT v 80% 2e2 1le2 5498 32.80 1e2 1e2 25.86
Wanda X 80% 5e3  4e3 2e3 2¢3 5e3  2e3 le2

:> Weight update can be helpful in high sparsity regime.
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Fine-tuning

Evaluation Dense Fine-tuning 50% 4.8 2:4

Zero-Shot 59.99

X
LoRA

Full

54.21 52.76 48.53
56.53 54.87 54.46
58.15 56.65 56.19

Perplexity 5.68

X
LoRA

Full

7.26 8.57 11.53
6.84 7.29 8.24
598 6.63 7.02
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Pruning Configuration

Comparison Group

Pruning Metric layer  (input,1) (input, 128) (output, 1) (output, 128)
Magnitude: |W ;| 17.29 8.86 16.82 13.41 17.47
SparseGPT: [|[W|*/diag(H™")],.  7.91 8.86 8.02 7.41 7.74
Wanda: |[W;| - || X]| 795 8.86 8.12 7.26 7.71

:> Wanda’s pruning configuration is optimal.
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Pruning Efficiency

LLaMA

Method 7B 13B 30B 65B

SparseGPT 203.1 339.0 8103 13534
Wanda 0.54 0.91 2.9 5.6
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Pruning Efficiency

LLaMA
Method 7B 13B 30B 65B
SparseGPT 203.1 339.0 8103 13534
Wanda 0.54 0.91 2.9 5.6

:> Critical when pruning needs to be performed real-time.
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A general pruning method?

ImageNet Classification.

ConvNeXt and DeiT.
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ConvNeXt DeiT
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:> Wanda’s pruning metric is consistently better than weight magnitude.
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:> Our observation on pruning per output does not hold in general.
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Summary

Activations are just as important as weights for network pruning.
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Summary

Activations are just as important as weights for network pruning.

We demonstrate this on pruning large language models.

Weights are pruned according to two principles:
« magnitude multiplied by input activation norms
« comparing weights on a per output basis.

It can find effective exact sparse networks in pretrained LLMSs.
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