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Bl 1 model reuse with overtrained base models leads to saturation in scaling behavior. Left: D, has power-law scaling. We
show scaling behavior of second-stage training tokens (D;) for different values of first-stage tokens (D), trained on a 0.1B base model.
Middle: Interaction term explains decreasing exponents. The fitted exponents in the left plots are used to fit Equation 2 as a function
of D1, and are shown to agree well with the functional form. Right: Scaling factor has power-law scaling w.r.t. D ;. Top: Continual
pretraining (CPT) on code data. Bottom: Model growth from 0.1B to 0.2B by stacking.
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# 1 Multiplicative scaling law with interaction consistently achieves lowest error. Leave-one-out RMS error (x1073) for fitting

the loss for model reuse of a 0.1B base model.

RMS (><10‘3) ‘ Code Math CPT (rep) CPT (sta) Expx2 Stkx2 Stkx4 Stk (sta)
Mul. 1.573 1.737 0.987 1.371 2790 2845 2.152 2.957
Mul. (a3 =0) | 2.095 3.147 2.222 2.366 4837 7.818 6.557 8.757
Add. 3913 7.443 4.646 4.315 9.855 10.323 8.866 10.559
Hyb. 2.245 3.340 2.223 2.367 4.841 7.748  6.667 8.822
151 o Fitted I
144 o Validated 7 © Data (D1=1.4e+10)
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losses used for validation.

—— Fit (D1=1.4e+10)
® Data (D1=1.8e+10)
— Fit (D1=1.8e+10)
@ Data (D1=3.7¢+10)
—— Fit (D1=3.7e+10)
® Data (D1=7.4e+10)
—— Fit (D1=7.4e+10)
# Data (scratch, 1B)
=== Fit (Scratch, 18)

21 0.5B base model stacked x2 \\
vs 1B model from scratch

D2 or D from scratch

~

Left: Joint scaling law fit for continual pretraining on code data. Orange points indicate the 10% of data with lowest
Left: Loss versus second-stage (from-scratch) training token for stacking (training from scratch) a

0.5B-to-1B model (1B model). Data points and fitted lines using our multiplicative scaling law with different number of first-stage
training tokens (power-law) are shown. It can be seen that as the number of training tokens increases, the losses from model growth

saturate, and from-scratch training eventually outperforms it.
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3 Overtrained models have larger gradient norms when
undergoing model reuse. We show the gradient norm curves
with respect to number of training steps in the second stage for
base models trained with different values of first-stage tokens
(Dy). We see that overtrained models have larger gradient norms,
indicating that the loss landscape is sharper.
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