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BACKGROUND
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erator. Our contributions can be summarized as:

* We are the first to successtully achieve one-step distillation of MDMs.
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e We propose Di[M]O, an on policy distillation method that enables the one-step B B B Calculate py(xo|Z¢, c) and py (20|, ¢) Update 0 with Vg Lpimo (Eq. (3))
distillation of MDMs, with proposed efficient token initialization. one-step Generator Logits zg Tokens g Masked Tokens Auliary Model v // Update auxiliary model i
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of MDM teachers, while greatly enhancing the sampling efficiency.
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The core idea is (on-policy distillation), aligning the teacher and generator across all intermediate Z;. e
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Interactive / Quantitative results on class-conditional ImageNet-256.
Similar to prior work (VSD, DMD, DI, 5iD), we seek to approximate the following loss gradient: Teacher a \ ( J One-step Di|M|O matches teacher with 16x fewer steps.
_ _ () - \\ ~— ) Method Step (1) FID ({) IS(1) Prec. (1) Rec. (1) Den. (1) Cov. (1)
7 7 - dze (@ — MaskGit 16 660 22407 0831 0402 1246 0977
VoLoimo =Eapt| W(b)| Ba, o) Vzo D(Ps]IPo) () do ’ ) e oo MaskGit 8 666 22157 0827 0397 1233 0974
- - 17- \ y SAET MaskGit 4 1073 19229 0748 0313  1.011  0.920
MaskGit 2 9135 1337 0178 0164 0.091  0.122
Sampler O-trapezoidal 64 6.7 - - - - -
- gl - e ¢ 0-trapezoidal 32 7.1 - - - - -
- —> = Given that the orange term in Eq. (2) depends on dide 4679 2092 - : : :
n One-st y Auxil both the teacher output py(z}|Z;) and the unk Disil. 1kl 1691 2140 088 0377 125 08
: : |~ ne-step uxiliary " DilM 1 691 2140 0828 0377 1255 0.967
1. Approxmlatlon of pPo (-/L'r(b)‘xt) Tt Generator 6 Ty Model y O © reathiel OUIpHE Do ($O‘$t) o © HTRIOWH e

student output pg(x}|Z;), we follow VSD and intro-
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