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AHRT A= ZPFLLT IR TEENS -
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Nactive = 1d* (4 + 3nt0pk/g) )
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RERRTE AMIETIX. Qwen3 [18] 2V — XD
MoE ET7 VUL 7 —F 7 27 F ¥ 2R T 5,
AU [5] DEXET A L TE D, Transformer X —
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NERITTLED D g NI LFRET S THIKLE MoE
(fine-grained MoE) | #Xal [4,9] Z#H L7z, ET L
DB T — Z1Z1% FineWeb-Edu [14] % W, 1EHER
REEETNVEE O BB - T Z TV,
R—=NVE7Y bENTT =&ty b THREHE % 5
it L 7=

2 NFAXA—AREFEIC LB Ablation

Niotal & Naciive ZIEIE—EBIZREB DS, HOE
BaZ b Xy TiEk (Loss) "DEELFEL /-,

2.1 Granularity

P ¢ DB RNRTAER, ¢ 234 525 8 DHIPH
THERAPR/MEEh, 2R EICg ZRESLTY
PRSI T 5 Z &b oTz, FATHIILE B —
L. AEBRTIZ g =4 28HT 5,

[ d g8 TMexp MNiopk Loss diff (%)
2 64 4 0.7%
4 128 8 0.48%
8 384 8 256 16 0.00%
16 512 32 0.21%
2 64 4 1.04%
128 8 0.00%
18 1024 8 256 16 0.29%
16 512 32 0.58%

1 Ablation study on granularity g with fixed total and active
parameters.

2.2 BEFESDLEE (Width-to-depth Ra-
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°

3x100 (d=51297t6pka2tePk=2.0

2ox100 :d=384'0dt:0,‘§)ff%joropk:Z‘O
o= a2r88ePksTRL2.0

Loss

2.8x10°

d=512.0, topk=16.0
‘d=640 G %k@é)otopkzz.()
3 .0g .

27100 8=640.0, fopk=8.0
8o
e sparsity = 16.0 L
sparsity = 32.0 :

[ ]

sparsity = 64.0 °
sparsity = 128.0 °

2.6x 100 °

2.5x 100

108 10°
Total Parameters

B 1 Loss vs. Total Parameters. Each point represents a model
with a specific configuration.

"xXhb,
I d d/l npexp Mopr Loss diff (%)
16 240 15 43 4 0.65%
8 33 42 43 4 0.00%
4 480 120 43 4 1.12%
16 160 10 103 16 2.68%
8 224 28 103 16 2.20%
4 320 80 103 16 1.68%

5% 2 Ablation study on the width-to-depth ratio y = d/I with
approximately the same total and active parameters.
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Variables

R? Result/Intrepretation

Simple Baseline
IOg(Ntotal) Only
log(Nactive) Only

0.926
0.641

Baseline (Total params).

Baseline (Active params).

Core Functions

log(Nactive) +10g(s) 0.944 Moderately good fit.
log(Niorar) +1og(s) 0.983  Good fit.

log(Niorar) +10g(nexp) +10g(n10pk) 0.985 Good and disambiguated fit.
log(Nactive) +10g(nexp) +10g(R10pk) 0.981 Moderately good fit.
Interaction Functions

log(Niorar) + log(s) + 10g(Nyorar) log(s) 0.983 Interaction term redundant.

log(Ntotal) + log(Nactive) + log(Ntotal) log(Nactive) 0.988

Strong multicollinearity problem.

Other Combinations

log(Ntotal) + log(Nactive) + IOg(S)

0.985 Ngcrive's significance is low.

3 Results of fitting various combinations of variables to loss. More results in Table ?? of Appendix ??.
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RELTEBD. Nexp & Niopr ZAHEL TIEWIRD o
720 BADERIX, TS ITRTOEREED, X
DFERBAT—) Y JHIDREF LW 2R LT
W3,

Ny —— 128/8 (N=N=5.0e+09)
N 128/8 (N=N=1.0e+10)
~ == 1 256/16 (N=N=5.0e+09)
256/16 (N=N=1.0e+10)

N MOES (nexp/Ntopk) Of 128/8 vs. 256716

10° 10% 1012 10%2

o
No of tokens

B 2 Comparison of loss between the (128, 8) and (256, 16)
configurations with fitted scaling laws.
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