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Motivation

When training sparse models, it is standard practice to re-use the dense hyperparameters (HPs)

Left: Optimal HPs systematically vary with sparsity level

Conducting a robust sparsity study would require retuning HPs for each sparsity level

Right: Without stable optimal HPs across sparsity levels, it is prohibitive to robustly study large-
scale sparse training
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SuPar enables more robust sparse research

« Left: We propose Sparse Maximal Update Parameterization (SuPar), which enables the

same HP values to be optimal as we vary both sparsity level and model width
« Right: SyPar enables more robust sparsity research

 In prior research that re-used dense HPs, sparse models are unfairly disadvantaged and
these studies merit re-examination
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How SuPar works
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SHUPar stabilizes training dynamics

« Setup: For several sparsity levels, train a model for 10 steps and record activation L1 norm
 All the points at each density value comprise a single training run
« Each line has points from multiple models

« Left & Middle: For both SP and pP, sparsity causes vanishing activations and gradients
* Right: For SuPar, sparsity has little effect on activation scales and there is no vanishing.
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Training step
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If we apply sparsity to a linear layer (i.e., F is a fully-connected layer), our aim is to control:

1. Forwardpass: Y = F(X. WOM) =X(WoM).
2. Backward pass: Vx£L = (Vy£)- (WoM)'.

3. Effect of weight update AW on Y: AY = X(AW & M),
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Sparse Maximal Update Parameterization (SuPar)

Feature Learning Desiderata (FLD): For layer / and token i, we desire that ||[Y!|, =

@(V dout)a ||VX££,||2 — @(V din)a ||AY£||2 — G(V dout)a\inaVl-

« SuPar ensures the typical element size of Y, VyL, AY is O(1)with respect to change in width m,
and change in density m,,, satisfying the FLD

« SpPar extends pP [1] for sparsity by applying corrections to hidden LR and initialization
variances.

 Code: https://github.com/EleutherAl/nanoGPT-mup/tree/supar
Table 1: Summary of SP, uP, and SpPar

Parameterization SP SyPar
Embedding Var. ol ol 02 e
Embedding LR Nbase Nbase Nbase
Embedding Fwd. XOW h - XOW b - XOW
Hidden Var. O-t%ase O-t%ase/ o-gase/ ( mP)
Hidden LR (Adam) Mbase Moase/ Mase / (1724712)
Unembedding Fwd. XIw/ o XIw/! Xiw/! /
Attention logits Q'K /v dhead Q'K/ Q'K/
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https://github.com/EleutherAI/nanoGPT-mup/tree/supar

Dynamic sparsity hyperparameter transfer

« None of SP, uP, or SuPar achieve stable
n* across sparsity levels for RigL [2] (Top)
or GMP [3] (Bottom)

* For SuPar, higher sparsity means lower n*
because SuPar is “overcorrecting”.

* Problem: Dynamic sparse mask updates
shift distribution of unmasked/non-zero
weights to be non-Gaussian

« Future work: Generalize SpPar for
dynamic sparsity
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