| B

~

MaskPro: Linear-Space Probabili '
for Strict (N:M)-Sparsityon LLMs

v

P bl

' Equal contributions

2 The University of Sydney

3 Shenzhen Campus of Sun Yat-sen University

4 Nanyang Technological University

s> University of Science and Technology of China

6 Royal Melbourne Institute of Technology University
* Corresponding author

29| m ==k W"



MaskPro
Framework

A general linear-space
probabilistic learning for
Strict (N:M)-Sparsity on
LLMs

01

03

Semi-Sparsity
Differential Privacy in

Federated Learning

Refined PGE

Hypothesis-Testing-Bas
ed Privacy Metric

02

04

Problem Setups

Target of the Protection
Mechanism

MaskPro

Convergent bound for L
ocal Model Training

www.collegeppt.com | 2



1. Semi-Sparsity

Semi-structured Sparsity in a 2D Weights

Semi-Structured Sparsity

Semi-Sparsity

A semi-structured sparsity

means a specific pattern Dense Matrix Sparse Matrix
with fixed activated weights : :
in each weight group




2. Problem Setups

The core idea of semi-structured sparsity aims to divide the entire weights w € R? into groups of M
consecutive elements and then retain NV effective weights for each group. More specifically, we can
formulate the semi-structured sparsity as the following combinatorial optimization problem:

*

m”* = arg min Eeop [f(mO W, §)], (1)

m={m;|m,;eSN:M}

where f(-) denotes the corresponding loss function, the symbol ® stands for the element-wise
multiplication, £ ~ D represents the minibatch sampled from the underlying distribution D and
SNM = {m; € BYM : |im,|; = N} (B is the Boolean set and || - ||; denotes /; norm).

Recent advance provides a learning method to address Problem|1, named MaskLLLM (Fang et al.,
2024). Specifically, for each group of M consecutive weights, Mask[LLM defines a categorical
distribution with class probability [pl, P2, 5D SN:M'] where ) . p; = 1, and each p;, represents the
probability of the corresponding element in SV | By random sampling, if a certain mask performs

better, it is reasonable to increase the probability of the sampled mask. Otherwise, the sampling
probability should be decreased. Thus, Problem|1]can be transformed as,

{p* (mz)} - E?I"% 111;1}1 E&ND,mz{mdm,;wp(mi)} [f(m ©w, 6)] ) (2)
plm;
where p(m;) is the categorical distribution of the i-th mask m; over S,



2. Problem Setups

Probabilistic Sum

Theorem 1 (Representation of N:M Sparsity)

N
SN:M _ {@ai ca; €{e1,...,en},Vi € [N] anda; #az # ... # aN} , 4
i=1

where each e; denotes the j-th basis vector of the space R1*M,

N

min O(p) =E;p v o cop | f aij Ow;, & , (6)

||pi||1:1,Vi€[%] {ai,; }3:1 Pi,& @ J

where {a;_; };VZI ~ p; represents the NV-step sampling-without-replacement process guided by the
d

categorical distribution p;. Note that representing all % different categorical distributions {p; },**,

typically requires -% * M = d unknown parameters. Thus, by introducing randomness, the parameter
scale of problem @\{:an be further reduced from the previous Nd of problem 5|to a linear d.



2. Refined PGE

Ambiguity on Mask m; and Minibatch £. The policy gradient updates logits based on the loss
metric, aiming to encourage the logits to select masks that result in lower loss values. However, when
the loss variation caused by mask sampling is significantly smaller than the loss variation caused by
changing the minibatch, the loss metric alone cannot effectively distinguish whether the current mask
is beneficial or detrimental. For example, we denote &y, as the minibatch whose loss is inherently low
and &pign as the minibatch with high loss. Then we sample two masks and denote one that achieves
lower loss by my,oq and the other by my,g. There are typically two scenarios during training.

hd f(mgood © w, élow) S f(mbad O] W, é-low) and f(mgood © W, éhigh) S f(mbad © W, ghigh)-
* A bad case: f(mbad Ow, glow) < f(mgood Ow, ghigh)-

The first case is likely to hold in most cases, as a good mask 120 T T

can generally reduce the loss on most minibatches. But 100! . random minibatch &,
when the bad case occurs, Eq.(10) interprets that the lower- s random minibatch &;

loss sample as the better one, yielding more erroneous  so{ —— Epmmfimow,§))
learning on my,q. To better illustrate this phenomenon,
we randomly select two minibatches during the training
of LLaMA-2-7B and extract the logits at the 500-th it- 40
eration. We then sample 1000 masks and plot their loss
distributions, as shown in Figure 2| It is clearly observed
that f(mpy © W,&) < f(Mged @ W,&2). Such dis-

60+

204

parities between minibatches are quite common, causing Li:;ﬂf(m 02;3'52,,, 2936
Eq.(10) to frequently encounter conflicting information . _
when learning solely based on loss value f(m ® w,¢).  Figure 2: Loss-related misconceptions.
T =7 — 1 (f(me ©w, &) — f(mo © w,§) — ) Vlog (p(me|m)) ,

0=ad+(1—a)(f(mow) - f(mow/l)).
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Figure 1: Implementation of our proposed MaskPro for learning (2:4)-sparse masks.

Algorithm 1 Learning (N:M)-Sparsity via MaskPro

Input: frozen weights w, initial logits 7, initial mask my, learning rate 7, smoothing coefficient
a = 0.99, smoothing tracker § = 0.
Output: learned logits 7TT
1: fort=0,1,2,---,7"—1do
2:  sample a mlnlbatch ¢ for training
3:  reshape 7 into groups of M elements and calculate p; = softmax(7;) for each group
4:  perform N-way sampling without replacement by p; to generate the mask m;,
5:  perform inference and calculate the loss residual f(m; ® w,§) — f(mg © w, §)
6.
7
8:

update logits 1.1 = 1 — 1 (f (my © W, ) — £(mo © w, &) — 8) V log (p(my|m,))
update the smoothing tracker § = ad + (1 — o) (f(m; © w, &) — f(mg © w,§))
end for




Table 1: Zero-shot evaluations of (2:4)-sparsity. In the test, we freeze weight updates and directly

0.025 30
apply masks. The results corresponding to each model name reflects the evaluation of dense weights. i 0.0001 - Sparsegpt Y- Pruner-Zero
Wiki. HellaS. RACE PIQA WinoG. ARC-E ARC-C OBQA Memo 5 =52 - wanda @~ MaskPro
. . . - - ry o —0.025 il /- GBLM
GEMMA-TB 11239 | 6054 4019 7971 7309 8165 4991  32.80 — £ ~0.050] i
- MASKLLM — 2542 20.10 5152 4949 2521 2159 1840 | 467.14G = —0.075. 24
- MAGNITUDE — 2523 2124 5185 5075 2643 2184 1240 | 16.32G 1 _5.1001 -E .
- SPARSEGPT — 2607 2239 5511 5036  30.64 1843 1480 | 34.94G W o
- WANDA — 26.80 22.78 56.47 4886  32.66 1775  13.60 | 29.63 G 3 01257 201
-GBLM — 26.81 2249 5452 51.07 3238 1766 1400 | 39.38G © -0.150{ = Loss Residual g
- PRUNER-ZERO — 2527 2163 5321 5075 2458 2270 15.20 | 39.38G £ —0a75] Vanilla Policy Gradient 18-
- MaskPro — 26.97 2326 57.88 52.82 3292 2265 1640 | 48.63G = === Loss Residual with Smoothing Tracker 09—
=0.200 16
VICUNA-1.3-7B | 1186 | 56.32 4191 7737 6946 7428 4241  34.60 — 0 1000 2““‘}te~""r':‘t':o ];‘“"“ 5000 6000 ! 16 312,atasﬁ:t Sizlezs 256 512
- MASKLLM 1491 | 4907 39.13 7524 6535 6557 3357 2560 | 331.16G
MAGNITUDE 380.02 2019 2861 6703 5762 5459 2875 19.40 282G (a) Training Effectiveness of Three PGE Updates. (b) Training Performance of Different Dataset Size.
- SPARSEGPT 2493 | 44.87 3781 7062 63.30 6292 3242 2500 | 22.20G
- WANDA 25.24 4428 37.89 70.57 61.56 61.70 32.17 23.00 21.25G tTf 0.0 = Train with 1 Sample M'T- 0.02 s Train with 32 Samples
-GBLM 2460 | 4429 38.37 7051 61.80 6284 3140 2400 | 26.87G L g oon
- PRUNER-ZERO | 24.02 | 4477 3742 71.22 6275 6233 3276 2400 | 26.87G > 2 -0.02
- MaskPro 21.10 | 46.81 3876 7160 6425 6423 3319 24.80 | 35.90G £ E-om
I | -0.06
LLAMA-2-7B 871 | 57.15 3962 7807 6890 7635 4334  31.40 — i -0 & —0.08
- MASKLLM 1255 | 51.17 3856 7470 6504 6957 3567 26.80 | 331.16G 2 0a 2010
-MAGNITUDE | 307.39 | 45.43 3148 7008 6093 6187 3020 21.80 | 12.82G Eoos ET°" |
- SPARSEGPT 21.07 4320 36.56 70.89 64.56 64.52 31.48 24.60 | 22.20G 0 2000 4000 6000  BOOO 10000 0 2000 4000 6000 800D 10000
- WANDA 2344 | 4132 3589 7046 6212 6279 3020 2420 | 21.25G  Treration  fteration
-GBLM 21.64 | 4179 3461 7057 6275  63.17 2986 2320 | 26.87G (@) Training set = 1. (b) Training set =32.
-PRUNER-ZERO | 22.09 | 41.17 3464 70.18 6235 6132 2705 2280 | 26.87G -
- MaskPro 17.17 | 4618 37.13 73.07 6582 6612 3285 2620 | 3590G 3 oo —— Train with 128 Samples —— Train with 320k Samples
DEEPSEEK-7B 970 | 5694 39.62 7927 7040 7525  43.60  32.60 — i -0.02
- MASKLLM 1290 | 5173 39.14 7595 6580  68.10 3532 2580 | 339.56G = oot
-0.06
_MAGNITUDE | 285.06 | 4097 2852 6975 6006 5492 2756 2080 | 13.13G G s
- SPARSEGPT 19.12 | 45.58 37.80 7394 65.43 66.37 32.94 24.80 | 22.50G 2 o0
- WANDA 1968 | 4538 3512 7356 63.14 6549 3200 2280 | 21.55G £ om
- GBLM 1955 | 4534 3617 73.99 6298  65.82 3285 23.60 | 27.98G = et e
- PRUNER-ZERO | 20.71 | 4493 3522 7323 6212 6494 3089 2320 | 27.98G Iteration Tteration
- MaskPro 17.97 | 4778 37.75 7472 6559 6674 3349 2860 | 36.82G (¢) Training set = 128. (d) Training set = 320k.




Table 8: Zero-shot evaluations of (8:16)-sparsity on LLaMA2-7B.

HellaS. RACE PIQA WinoG. ARC-E ARC-C OBQA Avg.
LLAMA-7B | 57.15 39.62 78.07 68.90 76.35 4334 31.40 | 56.40
- MAGNITUDE 52.27 35.02 72.74 64.48 67.68 37.03 27.20 | 50.92
- SPARSEGPT 50.19 39.04 74.43 66.22 70.45 36.43 28.80 | 52.22
- WANDA 4977 39.14 75.30 66.61 70.62 36.18 28.80 | 52.35
- GBLM 4951 3990 75.68 66.38 69.91 36.43 27.60 | 52.20
- PRUNER-ZERO | 50.12 38.68 75.22 66.13 69.93 35.48 27.80 | 51.91
- MaskPro 53.15 39.23 76.15 66.56 72.87 40.13 29.60 | 53.96
LLAMA-13B | 60.05 40.48 79.11 72.22 7942 4846 35.20 | 59.28
- MAGNITUDE 55.43 37.51 74.48 66.06 68.94 38.05 27.60 | 52.58
- SPARSEGPT 54.24 40.38 77.15 70.19 75.08 41.31 31.00 | 55.62
- WANDA 54.50 39.62 77.09 70.09 73.19 4036 30.80 | 55.09
- GBLM 54.45 39.18 76.35 69.92 73.75 40.07 29.60 | 54.76
- PRUNER-ZERO | 54.11 38.64 76.28 70.41 7292  40.55 30.00 | 54.70
- MaskPro 57.35 3992 77.83 70.68 76.45 43.26 30.60 | 56.58

Table 9: Zero-shot evaluations of (2:4)-sparsity on 13B/30B models.

HellaS. RACE PIQA WinoG. ARC-E ARC-C OBQA Avg.
LLAMA-13B | 60.05 40.48 79.11 7222 79.42 4846 35.20 | 59.28
- MAGNITUDE 50.10 36.84 71.76 61.88 62.29 31.74 23.40 | 48.29
- SPARSEGPT 47.73  38.95 73.61 69.22 69.95 36.35 27.40 | 51.89
- WANDA 46.24 38.47 7394 67.32 68.73 3413 24.20 | 5043
- GBLM 46.65 37.97 73.46 69.04 6933 3475 25.80 [ 51.00
- PRUNER-ZERO | 46.15 3885 73.13 67.24 6752 3389 2520 | 5028
- MaskPro 49.24 3891 7512 7033 71.85 38.26 27.40 | 53.02
LLAMA-30B | 63.36 39.14 80.63 7585 80.64 5145 36.40 | 61.07
- MAGNITUDE 49.57 35.69 70.24 65.59 57.32 31.66 27.80 | 48.27
- SPARSEGPT 55.25 37.77 77.45 73.68 7525 4327 31.80 | 56.35
- WANDA 54.18 40.00 77.69 73.24 7424 42,15 31.60 | 56.16
- GBLM 54.68 37.35 75.24 73.12 74.68 4232 30.80 [ 55.46
- PRUNER-ZERO | 53.69 37.13 7586 73.04 7423 41.25 31.20 |55.20
- MaskPro 59.76 37.28 78.24 7332 76.83 45.65 33.20 | 57.75
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