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BEEMFE : MASKED DIFFUSION LANGUAGE MODELING
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BEEMFE : MASKED DIFFUSION LANGUAGE MODELING

®@ MDIM : T—ARI[Z/ARXREMMTBE74T7— K JAtERE, T—ADOEEZEET H/\vIJ—K JOotX

forward
q(z¢|x) := Cat(zs; opx + (1 — o)), (1)
X: D FF*a1 A2 XxTEE SN T-one-hotnf
T EERNM. b= UFETRY
ap /A RXFART S a—)L, t€[o,1]. ar€[0,1]. a; Xt DFAPVBEE (ag=1. a;=0)
backward
8 + 1 T 8 1 T ® s + 1 o Lig
q(zslztax) = Cat Zg, [&ﬂ.Zt ( at—||l) " Zt] [G:TX ( - )ﬂ-] . (2)
oz X+ (1 — o)z, ™
t>s. at|5 =%
=B NEES

NELBO [&. GroundTruthx& ETILFllxg DREIDEATET IV OX TV O E—EKITEME

t=1 !

f}:

w0 =By [ 1L log(xo(a, 1) x)dt G)
t=0

il 9

O/ A XBEENE b= V&, 0T O TRIZEIRR 7 Sz

QI T2/ A XBEENE =S UIF. ROY T T ATy FITHLHET



BELEMZE - M

® MFARBIF. EEETILFIFEL T, KYEHLGHEEETILOFTRZEMT 5F*
@ XBODEHFAD1DIE. KIELZLLMAOALDS T UFICEETAHERIRXMZHIB LGNS, ZEBLL
ThrL—Z T EN-IMRELBRETILON I A —IREZLERBIEMTETSRI L

SEIDFETIE, FAN—V U RSEHRALTHMELERDTFRZ—BSELEBAE

Exnp [0(pes(Xe|x<t)i pre(Xe]|x<t))] s (4)

Use He @ TNFENERE EHENDARS R
D:ilETr—42ty k



PREFiE :SDTT

@ BE. ATV THMAVLEWE, B TO0CRDELUEENMET I SH. Yo TILOSEINET
® SDTTIE. HERFICERDRATY TEFEICEKBTAHEIZKY, Yo TY VI EEEZRL
0 RBLI-FAZHEELTHERALT, SDTTZEHEER

Distill. target [>'<] ( |= ]L><J ( —=a ]

Logits (=) [ =
TS $ T
5
4 ' t ¢ o
Input tokens Self <MASK> Through Time ‘
' ' & 1
Logits (=B (=] | 1
t t T -
5
4 4 4 4 r
Input tokens Self <MASK> Through <MASK>



PREFiE :SDTT

SDTT (&, RTA—2—vDT/ A ¥—%FBEET, p™ & p° OMOFX A NRA—C VR dER/MET BRIE
(k<m. mIZKTEIYTINDEDET S (I=E& AL, m=1024 & k=512))

P RS A—RODT/ A F—%FEALT. mRATY T TERENEH L TILOSTH

min d(p(")|[py™). 5)

Xg EXy ZENEFNHEEINLODZLDATY IOTA—FRIZERSINDSZ T/ A —, £EHDLDER TV T

DTIA—FIZFERSND T/ A HY—ET 5

HoFYoF TOLADKE—OFEARELRERTH IO, 4o T Iampi™ & plEmeIcRrE

Xg DFPAE—HBITEH5LI(2x, TEETAH=OIC. mkATYTITDODWNTHEIMN ST VYT
)~{‘ltgeacher(Zt7 t, m/k)

111311 EZGNP,Z:NQt(Ztlzn) [5(XU(ZML)Iligwhﬂ(ztftam/k))] J (6)



IBEFE SDTT (ZdY X L)

Algorithm 1 Computing the Self-Distillation Through Time targets X5 (z,, ¢, m/k)

1: Inputs: Noisy tensor x; € RV*% Starting sampling time ty, € [0, 1]"Y, Number of sampling
steps ™/k > 2, such that m/k € N, Sampling step size A € (0, 1), Mask token index M € N,
Minimal sampling time e.

2: Output: Distillation targets X521 (z,, ¢, m/k)
3:
4: target < zeros(N, L, K) > Allocate empty tensor for X520 (z, ¢, m/k)
5: Z X4
6: fori =0,...,m/k — 1 do
7: teurr ¢ MaxX(tgar — @ - A, €) > Sampling step for the current time
8: :' " Znow, Dicacher < reverse_sample(z, teyr, &) > Updated z & log-probabilities |
202, baur) :
0: U=2Zpw # Z > Create mask U of tokens that were denoised
10: target[U] < Cieacher|U] > Extract log-probs for the denoised tokens
11: 7 < Zinew > Update z for the next iteration
12: eedfor
13: :target[z == M] = bieacher|Z == M| > Use log-probs of the last denoising step for masked !
tokens _ _ |
14: return target > Target log-probs for all masked tokens in x;
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IBEFE SDTT (ZdY X L)

Algorithm 2 Self-Distillation Through Time training loop.

1: Inputs: Training set D, Teacher x4, Divergence measure §, Number of sampling steps ™/k,
Sampling step size A, Mask token index M, Total number of training steps H

2: Output: Distilled student x,,.
3:
4: v+ 0 > Initialize the student with the teacher weights
5. for:=0,....H—1 do
6: Xg — sample_example (D) > Sample a training example
7: tstart ~ U|0, 1] > Sample ¢ uniformly at random
8: X ~ q¢(X¢]X0) > Forward diffusion process. See eq. (1)
9: Xstudent < Xy (Xta t)
10: Xteacher <— teacher SDTT(Xy, tsart, ™/k, A, M, 1e-5) > See algorithm 1
11: L < 6 (Xstudent || Xteacher) > Compute divergence between student and SDTT targets.
12: Vv <+ backprop_optim (L, V) > Update the parameters of the student with AdamW
13: end for

14: return x,,
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