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Table 1: LLaDA 8B £/l Dream 7B 7 8 4~J:UEMIH H5 SlowFast Sampling f{PEREFRFN

Task | Method | Inference Efficiency | Performance | Method | Inference Efficiency | Performance
| | TPS ¢ Speed(TPS) © | Score 1 | | TPS 1 Speed(TPS) + | Score 1
Mathematics & Science

GSMSK LLaDA Jnl | 4.55 1.00 x 69.83 A5 RE S b 8.16 1.00 x 77.02
+ Sampling 14.57 11002 320 X45.99 69.59 o7 + Sampling | 17.15 ;599 2.10 X410 76.50 .50

GPQA LLaDA %tffi | 3.31 1.00 x 31.47 A5 ELhh 5.43 1.00 x 3593
+ Sampling | 16.36 1305 4.94 X304 3191 404 + Sampling | 16.56 ;1113 3.05 X 505 35.94 0.0

Math LLaDA %5l | 5.14 1.00 x 30.16 A RE B R 8.48 1.00 x 38.68
+ Sampling | 11.27 16513  2.19 X119 29.64 .52 + Sampling | 23.00 ;1450 271 X117 38.24 .4

General Tasks
LLaDA Base | 9.16 1.00 x 23.30 A5 AH 14.97 1.00 x 24.14
MMLU- : S

U-pro |, Sampling ‘ 2304 1505 253 X1 ‘ 23.85 1055 ‘ + Sampling ‘ 2280 1755 152 X050 ‘ 291 1.

MMLU LLaDA Bl | 5.02 1.00 x 62.11 A5 AH B R 8.46 1.00 x 72.61
+ Sampling 16.81 11179 335 X935 66.56 4 45 + Sampling | 18.43 .97 2.18 X 4118 7513 1559

BBH LLaDA %5l | 4.04 1.00 x 44.97 A5 Eo 6.93 1.00 x 51.83
+ Sampling | 21.19 ;1715 5.24 X404 44.60 .37 + Sampling | 28.14 19121 4.06 X 306 50.55 o5

Code

MBPP LLaDA Base | 4.98 1.00 x 40.80 A5 AE 8.92 1.00 54.20
+ Sampling 13.32 1534 2.67 X167 41.00 1020 + Sampling | 29.07 10015 3.26 X596 54.60 .40

HumanEval | DA 2l | 11.24 1.00 % 31.71 SRR | 1149 1.00 x 5426
+ Sampling | 35.46 10490 3.15 X915 33.54 1153 + Sampling | 25.38 11350 221 X419 5243 53

Table 2: LLaDA Base 5 SlowFast Sampling F1 dLLM-Cache fJ{:HER L .

Task | Method | Inference Efficiency | Performance
| TPS 1 Speed(TPS) T | Score 1
Mathematics & Science
LLaDA JLfift 4.55 1.00 x 69.83
GSMBK Sampling + Cache | 26.99 122.44 5.83 x. 1.83 69.60 —0.23
LLaDA JLrit 3.31 1.00 x 31.47
GPQA Sampling + Cache | 29.06 425.75 8.78 X778 33.48 12.01
Math LLaDA J:fift 5.14 1.00 x 30.16
Sampling + Cache | 26.50 ;2136 5.16 X416 2942 74
General Tasks
LLaDA Jfili 9.16 1.00 x 23.30
MMLU-pro | g, pling + Cache | 33.38 10100 3.64 x 001 | 25.53 1005
LLaDA Base 5.02 1.00 x 62.11
MMLU Samplmg + Cache 38.42 +33.40 7.65 x 6.65 61.20 91
BBH LLaDA HEAlifiRl | 4.04 1.00 x 44.97
Sampling + Cache | 36.04 8.92 X 1799 44.81 (15
Code
MBPP LLuDz.A Base 4.98 1.00 x 40.80
Sampling + Cache | 27.26 19098 5.47 X387 39.00 _; g9
HumanEval LLaDA Base 11.24 1.00 x 31.71
Sampling + Cache | 41.14 15999 3.66 X 1946 31.10 (¢
4 Sk
4.1 SEERE

SEREANAT R T VAL FRATIHE B B AR AT ¥4 SlowFast Sampling (A #, FRATER G AR
PRy ALLMs 347 7528 LLaDA 8B (Nieefall, 2075K) 1 Dream 7B (Yeefall, PI7Y) , &
R B AE A A A RN . BT SR I HE NVIDIA RTX 4090 GPUs _|i#47.

PAGFEAR T8 1 1 S5 AR PP Ak SlowFast Sampling 4 RAE AN AN AL BT, HERR LR DA
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Sampling Strategy | TPS 1 | Score
Autoregressive (AR) | 525 | 60.80
Diffusion Sampling | 4.55 | 69.83
Semi-Autoregressive | 5.44 | 66.41
SlowFast Sampling | 9.87 | 69.59

Table 3: Comparison of Sam-
pling Strategies on inference
efficiency and generation per-

formance.
Method | TPS ¢ | Speed(TPS) 1 | Accuracy 1
LLaMA3 8B (Dubey et all, 2024) | 33.79 | 1L00x 3192
LLaDA Base 1.60 55 19 1.00 x 31.47 .45
+ Sampling 25.00 5~ 15.63 x 31.47 Lo.00
+ Sampling + Cache ( K, = 100, K, = 5) 48.80 - 15.01 30.50 x 30.13 34
+ Sampling + Cache ( K = 500, I =30) | 54.75 12096 34.22 x 28.79 543

Table 4: Comparison of LLaDA 8B Base with other represen-
tative LLMs . Compared to LLaMA3 8B, LLaDA with Slow-
Fast Sampling and dLLM-Cache achieves significantly higher
throughput (up to +20.96 TPS) while maintaining comparable ac-
curacy.
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