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Abstract

PHROGES#E (DLLMs) 24 B BIHFAL R — 5] N H e~ & il
W, BEEMPGERFATAEM . SR, IR DLLMs 52 5| 5 i Ji & -5 3
JPERUBTRYRIE , HL P SRR I A TS T B A PR RE T o FRATRF LA
FRUEARRD AT Wi o S TR RX A8, FAT15] AT Wide-In, Narrow-Out
( WINO ), @ —Fh e I ZRm AL 303, m] PASC B T HUEH RS . - WINO
R —FHAT RIS, BRI R 2R, (R R AR AL )R]
TR SO E R T BE AR IC AR T . 7R LLaDA il MMaDA X
FERYIT R DLLMs Hr 2 ik,  WINO Yk n) DAY GE PR Rl 38 5
JEZ IR . BN, fE GSM8K K BLEN i, ERFHERIE T 6 fif,
(] ISP VA B 2 T 2.58 N4 G FE Flicke30K AR i, B9 T 10
AR [R] B2 = T P fE. More comprehensive experiments are conducted to
demonstrate the superiority and provide an in-depth understanding of WINO. '

1 44

HEE (AR) KiEEHAL (Radford et al., 2018, 2019) , 411 GPT %% (OpenAl, 2022) , have
shown impressive performance in a ranging of language tasks . #X1f , ‘B A 15 AL A ZEMRic A Bl
AT EA RS, S EGHERER . 5 TR % (Stechly et al., 2023; Valmeekam
etal, 2023) , PAKFELRFRER—20M A APEAL (Mei et al., 2025) . YENEIN, §HOKE
HHA (DLLMs) ich—m5l AFERAEE FIEBR S, BE XS, L [
AEARIE (L et al,, 2022) , DLLMs Fig b ST OMUBEHE R e, (] s SR 2E A A ) v
RORAE T L2k . DLLMs WE K I8 ¢ B MR RGRR Bk (FlanK Egmis
#& (Inception Labs, 2025) FIXFHHL (Google DeepMind, 2025) ), xbZ 40w T 15 A
B, AP 1,000 MRIE, 1EREERA IS IRIE.

A XA, FFR DLLM PR 98 4 N K, One critical bottleneck is that & f7][ A
T - AU R 558 . Specifically, Sy 1 SEE ORI B i, X SEARURLE HEHGE
ZBRE, — K HAER—MRIE, XEE T EMNFEENZEMES . {EEE T4 R E MR
TR BEN Akt e b T 0 T A B (Nie et al., 2025) o X BH S AU AR AR K
FEEE FHAR T the open-source DLLM 14 H: AR XTI Al 17 m E BE R A h o

BATREXFREUAGT S DLLMs  (Ou et al., 2025; Sahoo et al., 2024) f—A~EARGEIERE R &
)/ A] 3P of the standard decoding process . Specifically, the standard generation in diffusion

steps Ji 5 PA—F 4 bRicdras, ARG ATAER Iy AT S . — H— MR eiig,
GHUEE R AR, Joikge, MR R S0P BRh Rt T informative | SR 2 A
. BRI, XXHATHERGZ challenging , HrhIlabric 2 7E (5 B AR A BRITE LT AR,
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Figure 1: j3 B H2 THAIME BERCHERY S o

AR 5 BRI B R BOK AR A accumulated , FF7EHE A4 i H 4% 4% . Therefore, such a
rigid process essentially FH |- 7 DLLMs F| f H XX )32 7 (Seo et al., 2017) iy KL E kG
1F F45% when the context progressively becomes rich .

N T RPGEA I, FA 151 AT Wide-In, Narrow-Out ( WINO ), i Jj&—FhBi i) i 5%
A PASEEL DLLMSs ) n] fiUsr A . WINO SR 7 —FiGp i S i S b ey, BESI+-11iz
1o AE—rp, — A RRGRIIRIE SRR (L (“9EHE”) BUSCHUR B2 A Bidbric. [FIm,
— MR B & 0042 R bR SCEFTPEAG A e i AL AR IC o AR R i B A
BUEAS & AR ICH R TEAR R AP TR h W B DA SE PR i/ (“%5 )7 ) o This mechanism
brings two merits: 1) it breaks the irreversibility of the conventional decoding in DLLMs, allowing
the early error to be corrected for better performance; 2) it permits more aggressive token generation
in each diffusion step for faster speedup with quality guarantee. Besides, our WINO is training-free
and play-and-plug, which enables the general DLLMSs #iFFH 2 % HAA R0 .

FRATH) Iz S8 25 é‘lmﬂﬁﬂ;f)@ﬁﬂ@%ﬁﬁﬂﬁﬂ LLaDA (Nieetal.,2025) fll MMaDA (Yang
et al., 2025) fif, WINO BERE KM fPRIEEE , [ It 0 28 St e B AR 1 5 AL e -1 5 A8 55
ERER . BN, a0 Fig. 1 s, 7€ GSM8K (Cobbe et al., 2021) £ 4 # 3 AE M i -
WINO FHHEFRANEE T 6 x , [RIFPEER MRS T 2.58 %; #£ Flickr30K (Young et al., 2014) [&
AR R b, R R T 10 x , HLPEREH . iR TR, WINO 7R
—A5EoRE ik T DLLMSs 199 /7

2 HIRIfE

HEHFP8rnESEA, §8UA (Ho et al., 2020; Sohl-Dickstein et al., 2015; Song et al., 2021)
, EAIAE G A P A (Nichol et al., 2022; Rombach et al., 2022; Saharia et al., 2022) , %
VR R SCAAE B B SRS (ARLMs) (W M 32 81 23 . TSR3 3 i ok
FYIX AP J6H Sohl-Dickstein et al. (2015) #ff5Y. Bfij5, D3PM (Austin et al., 2021a) $2{it
T ARG, RO EET ) R A AR R A AL A B HA (R AP IR o
H R IR S /R K. Campbell et al. (2022) J52%Rf D3PM ¥ 2| ESE A E, AT
HESE A /R e (CTMC) FHIR . 5aft, 5 H D3PM M BCIR S B B e sl
Al (MDMs) HIBFFTAE/ DI (B4, MDLM (Sahoo et al., 2024) Fil RADD (Ou et al.,
2025) ) FUORHEELN H (B4, LLaDA (Nie et al., 2025) 1 Dream (Ye et al., 2025) ) #1 &R
AR R . X —HFFE 07, MMaDA (Yang et al., 2025) 5] AT — MR p SRR
FBL BB R R S MR A R —Fh S BS To R 454 .

DLLM JlI3# i AR . The existing acceleration study for DLLMs falls into two directions: KV cache
and sampling compression. The former targets to build the KV cache for DLLMs due to its bidi-
rectional full attention mechanism, unlike the causal attention of ARLMs. Typical works like Block
Diffusion (Arriola et al., 2025), Fast-dLLM-cache (Wu et al., 2025) and dLLM-cache (Liu et al.,
2025) respectively explore different caching mechanisms, which shows promising performance for
speedup. Note that this direction is out of the scope of our work here. The latter direction focuses
on optimizing the sampling process itself. For the classic low-confidence remasking strategy, sev-
eral works have introduced novel sampling strategies to dynamically adjust the number of tokens
predicted in parallel, thereby improving inference efficiency. Fast-dLLM-parallel (Wu et al., 2025)
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adopts a straightforward approach by selecting tokens with confidence scores exceeding a prede-
fined threshold. Meanwhile, Ben-Hamu et al. (2025) propose an entropy-bounded (EB) sampler,
a drop-in replacement for conventional samplers that leverages an entropy-based unmasking proce-
dure to dynamically decode multiple tokens per step while maintaining a predefined error tolerance.
Although our WINO brings the acceleration promise due to sampling compression, different from
these works, we explore to address the inherent limitation of standard decoding in DLLM:s.

MFHEMIRR X, T — DLLM 34 il — N HA FE LYK L iy Y =
[yhyz, L) . W BT B 1L B R s R Y () = (e |, 81 |, . . ., [IMASKI ] .
R AR I 3 KSR Bk e i B 51 YR L Rk, FRATERNEI K = L
%ﬁﬁ(%%ﬁ%@*?ﬁﬁd,ﬁﬁ%ﬁﬁﬂﬁﬁﬁ%ﬁ%?i%%ﬁﬁ%(Mwmh
Ei%k¢7%@%ﬁﬁ%%?ﬂYW”%%ﬁ¥m IR V RIS ECh 0 B,
RELR S ) 87 ) (AR R A BT AT, 2R po (VX Y E=D) o A AN BT, AEw
B SUORRT, EET YD SHEE (5 O [ oem | FRCE TR, ARG Y ®)
Ay,

1R — arg max (maxpg( =v|X, y (k= 1))> 7
te{ly™ = e |y vev
1
& argmax pg(f; = v| X, YD) if | = 1(F), (D
yF) = wvev vie{1,2,...,L}.
(k—1) .
Y ) otherwise,

FESEIRITA K RSB IRG , S my 2& Y = YUO | 3451 DLLMs, 4l LLaDA (Nie
etal., 2025) il MMaDA (Yang et al., 2025) , 58] DA F 64 £ token (fil401, 2 4 uk 4
) ] AT RAEAR AR IR . ORI, ZRIRAER IR, X SRIGE  & FEERE
T, RETEHEA IR, (BRSO E2 B TR

e [ [T SRS . XA B2 LLaDA (Nie et al., 2025) il MMaDA (Yang et al., 2025) [
DLLM J"VZ R A, B SR 7 51 43 A W ZE B R et . FERg s, WAk
TR 3R P B2 AR SR S

BRAEGE Y PG A IFAT15, (H DLLM Tl — > RIS, W58 T A ZARiCi#e . 1E
A BT B, MR BT SO U S AT AR I A AR o R T T BB C
XA PR FARMEAR RS FERY drreversibility PR I g™ BB - Hh 33K LEA7 i A 40 25 it
PORABIE , A ATl G AT HE Y BIOE BR A J T e AR B & A U R, S8 BEAE AT
L) 18 3 8 AR 3 A AR R 1 i 2 [ A 0 AN FRAR AU

To improve the trade-off, one critical point is to abandon the assumption of irreversibility in the
standard decoding of DLLMSs, and build a process of revokable decoding for progressive refinement
o EXAEN ARV RHE IEE B B2 T . BEETEAE B AR L BRSO
W, BRI AAE BRI TN . SORERIBLG] e A R T DS BTG T AT A BIIAL
F [ T SO IE MRS HERE, B9 T DLLMs FIZLIE 7,

2.1 IR SR E R TS U fE

Motivated by the above analysis and the design intuition, we propose a parallel Draft-and-Verify
framework to enable revokable decoding for more efficient and higher-quality generation in DLLMs.

HARSDE, FATRRERAESE MRS 2 BR P A T AT PR 1) R 5 b 24
PRICARBICN A BRI RRC: 2) B0k PRANITA Y4Bl Blgtric, HE PR SIRLEgOA
AR N AR IC AREATIE— 2 5238 o BRATTR ) o DA ] A2 1 [ml I A 7 20k 2 B
FMITTIE . BB BT AR RS, BT 582y BU# .

211 i

&‘ﬂﬂ%%’l‘f?ﬂ%ﬁjﬂ YV = [Yien, Your, Yiight] , HH Yien BLE SR X F1Z Bl 5 3,
Your = [Yeur,1, - - » Yeur, L, | 1NFH HIIE LR RO SE, Yiight %ﬁ*ﬂ%ﬁﬁﬁﬂﬂﬁﬁ% XHL, Ly 25
KB, 75 k-th AR, RATR SRRSO RRIC, R T (3 1 m SUTRUR
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(a) Attention Mask. (b) An overview of WINO.

Figure 2: (a) FATRITAERE DM AR ER. S FIIIR 1, KETHRFR 0, “PosID”
s ID 45 . (b) WINO ik, 9’\1EEI’J token LR X B2 Hi AR R A token.
HfR token F R Y HTH AR . BB 4 T AR 20 SR token. (B TFHHE) ¥8
R FH R AL ID XY T 5 token [ token, Jfij (BT BT FhRR
I token,

I ZARICTFAT AR :

(k)

y i 7 k-1
Yeur,1 = AIE maxpg(ycur,l = U‘Y)’ if maxpﬁ(ycunl = ’U|Y) > 71 and yc(url :
' veV veV )

=[mem | (2)

Here, a relatively low confidence threshold 7; is adopted to allow more possible tokens to be decoded
at each step, which will achieve the acceleration if only a few tokens among them are revoked during
the verification module detailed in the next section. This will be demonstrated in the experiments.

212 G

IS UEASEER A 1 T U2 ) A A RS 20 R ORI =F & 10 BT S0 (X HI20 %) ok
PEAG 2 B AR WA A B . 30 ) EE T M T R AR AL, A R ] DAARAS T s A
3% W PE5 for the proper early error correction . T%I}W,Xﬁﬁﬁﬁ%ﬁiﬂﬂ‘] BAROTERIE, TR
TN T, SEAH [ ueR |, Yinea = [[IMASKT] | X Ly 2. ICHAE R 2 7571
Y J: ﬁ/ﬁiﬁfﬁfhﬂ Y [Yeft; }/cura Y;lghh }/shad] ?kﬁ]ﬁﬁﬂ&ﬁT'ﬁ }/shard *H%E@’fﬁﬁ/fglﬁ\
ID FlE & 40, Mﬁﬁﬁ/ﬁéﬁuﬂjﬂ%ﬁﬁgﬁﬁﬁ Your XN A7 8 ARSI ARIC A I 5

{lﬁﬁ IDo RE’? )/Shard %ﬁﬁﬁﬁﬂ@]}?ﬂ E‘JEﬁ#’ﬁ; ?ﬁﬁ]}”ﬁ}%ﬁ'ﬁ Y::ur *Hﬁﬂg{jﬁ IDo ﬂ:ta Y;hard
B YT 5 Your AHIEIRIALE:, AT SE B2 7 B6HIE .

VRS G . A Fig. 2(2) FR, AR Ynad IAJTH Y SRS T ERE I3RS . BAR
ﬂéﬁé” Yiere + Yeur ﬂ:‘n }/right *E@Tﬁiﬂﬂ% E Hﬂﬂﬁ*ﬁﬁ?é&a @Kﬁﬁ‘ﬁ’é?ﬁt_ Yohard o *ﬁfi7 Yshard
*E’JAFE—%‘ET%?@I% Yeur HORT A E 2 AN T FRIE -

L EIARACER R R A BT, FATAE) AN R
o MFTHER Your PRAEMARIC, FIN Yinaa A2 MRS . TE0 R,
Do (@cur,l|y) = Po (Z}CUr,lD})'
© MT Yipara PREATARIC, PAURPEBSAL . BIA0, 25 R Fig. 2(b) PRIFRIC vshara,3 »
AL T L ID 6,
-EBH Yeur,3 X MR E 1D, FHHE R iF K Viern A Y}ighl ;
- AR IR Yeurs ﬁxﬁlﬁﬁ'ﬂT%Zﬁﬁﬁ*%%Eﬁlﬁﬁ;
- Xﬂ“? Yeu THIFTAHAMALE, FACEE G H— MRS RE ORE You ) Al
S0 | Y v 111 BUAE AL |- T AR R B T 0 B

E’JLTjO%X 52 T FE Your FPRRISPRCHY LR, OB T R A
HH BRI ANRAG S P DA S ] BB Bt — 2 1AL
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Table 1: 1 5 40U AR A HE RN AR R F I M BE AR TR 1 LU

Step TPS

Benchmark Method Accuracy Steps Reduction TPS Speedup
GSMSK LLaDA 73.24 256 1.00 x 17.76 1.00 x
Math Reasoning WINO 75.82 (+2.58) 41.93 (-214.07 ) 6.10 x 100.53 (+82.77 ) 5.66 x
MATH LLaDA 32.00 256 1.00 x 17.62 1.00 x
Math Reasoning WINO 34.20 (+2.20) 74.44 (-181.56) 3.44 x 55.86 (+38.24) 3.17 x
HumanEval LLaDA 37.80 256 1.00 x 14.52 1.00 x
Code Generation WINO 42.07 (+4.27) 93.32 (-162.68 ) 2.74 x 37.19 (+22.67) 2.56 x
MBPP LLaDA 36.40 256 1.00 x 18.52 1.00 x
Code Generation WINO 36.40 (+0.00 ) 96.57 (-159.43 ) 2.65 x 45.39 (+26.87) 2.45 x
Countdown LLaDA 24.21 256 1.00 x 17.22 1.00 x
Logical Reasoning WINO 33.20 (+8.99) 105.88 (-150.12) 241 x 38.97 (+21.75) 2.26 x
Sudoku LLaDA 14.23 256 1.00 x 11.61 1.00 x
Logical Reasoning WINO 15.20 (+0.97) 131.96 (-124.04 ) 1.94 x 21.11 (+9.50) 1.82 x
ARC-E LLaDA 59.13 256 1.00 x 17.26 1.00 x
Commonsense Reasoning  WINO 81.19 (+22.06 ) 40.19 (-215.81) 6.37 x 101.61 (+84.35) 5.89 x
ARC-C LLaDA 51.87 256 1.00 x 17.10 1.00 x
Commonsense Reasoning  WINO 73.89 (+22.02) 47.41 (-208.59 ) 5.40 x 85.42 (+68.32) 5.00 x

T AR BB Y A2 1D FIVE R HEAD, e m] DAE U R

yc(fr),z = [MaSK1 |, if pg (Jshara,s = Z/C(frﬁl)ﬁ/)) < 72 and ?Jc(frﬁl) # [ |, 3)
, Horp o 2 T IR IR B R .
B, TEMRRDAETE kb, FRATRAE SR A5 R A IRk i R T DATE — R[] A% 32 v e 1l -

~ Y . ~ g k—
arg maxpg (Jeurs = 0[¥), if maxpy(Jears = v[¥) > 71 and yg, ;") = [MiAski],

(k)) B veV ' ' . ~ .
Yourt = ’ lfPO(yshard,l = yc(unll)|Y)) < 79 and yc(ur,ll) 2 (e | 4)
yc(f;ll)a otherwise.

TNV B, (4) Sy B R (AL Yo , E5) Veur *HEOFFAT BRI A P .
TR B 1 URUE BN 72 (6573 71 < 7o . BOIGHY 1 ALV AT M
TR, TTRCRRHY 7o 1o ST S A 13 b R 2 i th R T . AR

2Rl Seidt, %8 H" and term our method as WINO in short

3 9
31 R

BARERMIEL . FATHATILE PAVEAL WINO TEAR R 2B 4T 25 A4tk b i e 9. Bk U
T S, AR WINO 5 LLaDA WFRIEMRISAE /AT 55 _E 31T 08 : GSMSK (Cobbe
etal.,, 2021) . MATH (Hendrycks et al., 2021) . HumanEval (Chen et al., 2021) ., MBPP (Austin
etal., 2021b) , Countdown (Zhao et al., 2025) . Sudoku (Zhao et al., 2025) , ARC-E (Clark et al.,
2018) Fl ARC-C (Clark et al., 2018) , {5 P SCAE BUAT 55— Feadfa ., R4, 25
HEPRFN S PR XTI 5, FRATTIFA WINO 7E MMaDA (Yang et al., 2025) Frift
RS FRFRIN, ¥ RN EZRESHARIT 4 Flickr30k (Young et al., 2014) . AI2D (Kembhavi
et al., 2016) . Math-Vision (Wang et al., 2024) . MathVista (Lu et al., 2024) . MMMU (Yue
etal., 2024) FI ScienceQA (Lu et al., 2022) , FEHEPURPRIM ZRISAES—BGRE . BSR
PR A 2 SRR SHIEITE DL, FRATHE MMMU F55IESE R MathVista (5 77
NI AR AT

VAR . BT A AR AR A Ty ST WA . T 5 IE I MER e RB T b, FRATTHE
Flickr30K 7 i Fi CIDEr F 5 (Vedantam et al., 2015) , A7 X 4% 4G 32 v ) (i P v
BEo N T PHERA T RMIERIRCE , BT e — AN B AR A P I (ER )
AMES5 B FEL A WINO () I /5 it 25 B DA B A R0 A2 iU ARiC L (TPS) . TPS FR il fg b
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Table 2: FEALUE-1F 7 S 20 FF A AR JRORTHE SRR ME B 1) M BE 04 W7 % L. FRATT 6 1)
CIDEr £ Flickr30K [ PERERE bR, HAbHEE G ERG R A N PR RER AT

. Step TPS

Benchmark Method Metric Steps Reduction TPS Speedup
Flickr30K MMaDA 53.67 256 1.00 x 6.41 1.00 x
Captioning WINO 53.83 (+0.16) 25.47 (-230.53) 10.05 x 55.11 (+48.70 ) 8.60 x
AIZD MMaDA 54.86 256 1.00 x 6.31 1.00 x
Chart Understanding WINO 57.19 (+2.33) 30.90 (-225.10) 8.30 x 46.04 (+39.73) 7.30 x
Math-Vision MMaDA 8.55 256 1.00 x 6.22 1.00 x
Math Reasoning WINO 9.57 (+1.02) 44.69 (-211.31) 5.73 x 31.17 (+24.95) 5.01 x
MathVista-mini ~ MMaDA 31.10 256 1.00 x 6.21 1.00 x
Math Reasoning WINO 31.40 (+0.30) 33.45(-222.55) 7.65 x 41.96 (+35.75) 6.76 x
MMMU-val MMaDA 18.56 256 1.00 x 6.02 1.00 x
Multi-discipline Reasoning ~ WINO 24.00 (+5.44) 38.47 (-217.53) 6.65 x 36.13 (+30.11) 6.00 x
ScienceQA MMaDA 30.89 256 1.00 x 6.07 1.00 x
Multi-discipline Reasoning. ~ WINO 42.24 (+11.35) 28.12 (-227.88) 9.10 x 49.45 (+43.38) 8.15 x

Table 3: SLIGLUR KT AR, JRE Ly 557 128, RS M@ P IR R 1 Mric.

Generation Step TPS

Benchmark Length Method Accuracy Steps Reduction TPS Speedup
256 LLaDA 73.24 256 1.00 x 17.76 1.00 x
GSMSK WINO 75.82 41.93 6.10 x 100.53 5.66 x
512 LLaDA 74.60 512 1.00 x 11.84 1.00 x
WINO 79.91 68.53 7.47 x 82.64 6.98 x
256 MMaDA 18.56 256 1.00 x 6.02 1.00 x
MMMU-val WINO 24.00 38.47 6.65 x 36.13 6.00 x
512 MMaDA 18.44 512 1.00 x 5.01 1.00 x
WINO 23.44 64.82 7.90 x 35.01 6.99 x

AR ARIC R FRATTE SOP BRI R B L Irds i 2 B 5 WINO By ELB, TPS s
HHELL ) TPS 5 WINO (4 Ui .

SEFARAT TR AR FoA TR JH TR Y LLaDA-8B-Instruct > JE 715 5 45l AT 45 , MMaDA-
8B-MixCoT * BEf T3 i 5 4TI T 45 . FRATT R Al#E LLaDA (Nie et al., 2025) /gAY A [1]
ECRAESR NS, Hordan i sl o i A, B A . FERRATI VAL, BRI
VU, FRATRHAE K BE L 256, FRLRBIM PG 5 BRISCE ) 256, HeKEBIE S 128, X
TSR ], FARBUR A ERILTIPAE. 0T WINO S H, A1
AR (E = BN 0.9, FIEE 7 ZEJER { 0.4, 0.5, 0.6, 0.7 } NIFEE,

FEER

SO A ERE AT . Ffi 445 T LLaDA-8B-Instruct {647 LA WINO (I T, e
Tab. | B (TS5 L IOYERE . R BRRCRI7=n it (TPS). [ MBPP {147 4h, WINO /e
4 SCAHEB AN SRRt |, T AR LLaDA A SO, 2254005 T HEnf b
TE MBPP {1:55 |-, WINO jA%| T 5 LLaDA MH[FE ) ERE. Bian, WINO 7 GSMSK | Rfiiff
PESEES T 2.58 %, BT 6.10 x HIE, TPS I T 5.66 x . SILLRAEHIER T WINO
TEAR TP U AT BBy T 7 R

RS ERARERIE R PEREAIE . FATIFAl 1K WINO H£55] MMaDA i SR A 1 E
RHOREETE, HFAE Tab. 2 R ZE T AR 55U MMaDA A{HL,  WINO YEfrf B ERER T
23 HEFEAHERCR LT . (RN, STESORIUSAE 55 RIS RAA L, ISR E
B3, A, WINO 7E{44F Flickr30K, Math-Vision FI MathVista _F#H 24 2554 [ B, Bk
$27+7 A2D, MMMU # ScienceQA L5 PERE. X LE45 KR, WINO 1EL B GU,
R S I M RS TR BN A RCR
AR TF G55 S IR B2 [ < & . 41 Tab. 1 1] Tab. 2
JR, FATMEEILEfr A BEI A, SRR TR
JESALS TEREZ A — B IE A R R AR . (ISR
2https://huggingface.co/GSAI-ML/LLaDA-8B-Instruct
3https://huggingface.co/Gen-Verse/MMaDA-8B-MixCoT
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Table 4: FEBK T Ly 5T R MK I 58 44 BUCE P I TSR SR . B A A MR 4

BRI 1 AR,
Generation Step TPS
Benchmark Length Method Accuracy Steps Reduction TPS Speedup
256 LLaDA 34.34 256 1.00 x 17.73 1.00 x
GSMSK WINO  58.22 (+23.88) 38.77 6.60 x 93.61 5.28 x
128 LLaDA 58.60 128 1.00 x 23.23 1.00 x
WINO 62.32 (+3.72) 23.95 5.34 x 114.29 4.92 x
256 MMaDA 17.22 256 1.00 x 6.11 1.00 x
MMMU-val WINO 2244 (+5.22) 24.94 10.26 x 50.03 8.19 x
128 MMaDA 15.33 128 1.00 x 6.70 1.00 x
WINO 23.11 (+7.78) 19.14 6.69 x 39.94 5.96 x
Table 5: K FBA RULEIHH WINO 28 (A1) S B4
Step TPS
Benchmark Method Accuracy Steps Reduction TPS Speedup
LLaDA 73.24 256 1.00 x 17.76 1.00 x
GSMS8K Only Draft (71 =0.6) 70.28 34.79 7.36 x 130.89 7.37 x
Only Draft (77 =0.9) 72.33 81.39 3.15 x 56.12 3.16 x
WINO 75.82 41.93 6.10 x 100.53 5.66 x
MMaDA 18.56 256 1.00 x 6.02 1.00 x
Only Draft (71 =0.6) 19.89 35.63 7.18 x 43.22 7.18 x
MMMU-val 6 1% Draft (11, = 0.9) 18.56 79.74 321 x 19.38 322 x
WINO 24.00 38.47 6.65 x 36.13 6.00 x
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Case: GSM8K, Geneation Length 256, Block Length 128, 2 blocks in total

Question: In a family, there are 2 brothers and 3 sisters. All sisters are the same age, which is 16. One
of the brothers is 12 years old, which is half the age of the older brother. What is the total age of all
these siblings?

GT: 84.
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Step: 128 (55 Hefiith 5 %). 1st block:

<reasoning>

1. We know that all three sisters are 16 years old.

2. One of the brothers is 12 years old, which is half the age of the older brother.

3. Let’s denote the age of the older brother as = .

4. According to the problem, 12 is half the age of the older brother, so we can write the
equation: 12 = 3

5. Solving for = , we multiply both sides by 2: z = 24

6. Therefore, the

Step: 162 (I B K115 i5%). 2nd block:
older brother is 24 years old.
7.<|mdm_mask|>-- - <|mdm_mask|>
</reasoning>

iwer>

</answer><|eot_id|><|endoftext|>

=)

Final (i27: 2 B):

<reasoning>

1. We know that all three sisters are 16 years old.

2. One of the brothers is 12 years old, which is half the age of the older brother.
3. Let’s denote the age of the older brother as = .

4. According to the problem, 12 is half the age of the older brother, so we can write the
equation: 12 = %

Solving for x , we multiply both sides by 2: = =24 .

Therefore, the older brother is 24 years old.

The younger brother, being the only other brother, 2 24 %.

The total age of the two brothers is 24 4 24 = 48 .

9. The total age of the three sisters is 3 X 16 =48 .

10. The total age of all the siblings is 48 4 48 = 96 .

</reasoning>

ﬁwer>

</answer><|eot_id|><|endoftext|>

w0 ~N oo,

(=]

Step: 35 (35— AN IXELfRAS5E ). 1st block:

<reasoning>

1. We know that all three sisters are 16 years old.

2. One of the brothers is 12 years old, which is half the age of the older brother.

3. Let’s denote the age of the older brother as z .

4. According to the problem, 12 is half the age of the older brother, so we can write the
equation: 12 = %

5. Solving for z , we multiply both sides by 2: xz =24 .

6. Therefore, the

Step: 37 (2R 2%). 2nd block:

older brother is 24 years old.

7 .<|mdm_mask|>--- - <|mdm_mask|> = 96<|mdm_mask|><|mdm_mask|><|mdm_mask|>
</reasoning<|mdm_mask|>

<answer>

9<|mdm_mask | >

</answer><|eot_id|><|endoftext|>

Step: 42 (Zcik: 58R%51%). 2nd block:

older brother is 24 years old.

7. The total age of<|mdm_mask|> sisters<|mdm_mask|> \( 3<|mdm_mask|>times 16 = 4<|mdm_mask|>-: -
<|mdm_mask|> total age of all the<|mdm_mask|> is \( 48 + <|mdm_mask|><|mdm_mask|> = 86 \) years.
</reasoning>

<answer>
</answer><|eot_id|><|endoftext|>

Final (il i 5 QAL AT IEH0):

<reasoning>

1. We know that all three sisters are 16 years old.

2. One of the brothers is 12 years old, which is half the age of the older brother.

3. Let’s denote the age of the older brother as z .

4. According to the problem, 12 is half the age of the older brother, so we can write the
equation: 12 = %

5. Solving for z , we multiply both sides by 2: xz =24 .
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. Therefore, the older brother is 24 years old.

. The total age of the sisters is 3 X 16 = 48 years.

. The total age of the brothers is the sum of the ages of the 12-year-old and the 24-year-old
rother: 12+ 24 = 36 years.

9. The total age of all the siblings is 48 + 36 = 84 years.

</reasoning>

<answer>
[5:]

</answer><|eot_id|><|endoftext|>
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