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TABLE 1

PRUEEHEE. REREGTHEENEE.

Model | Parameters Diffusion type Noise schedule Task Training data
D3PM [20] 70M Discrete Mutual information Language 65B tokens
Diffusion-LM [1§] 100M & 300M Continuous Square-root Language -

Diffuseq [46] 91M Continuous Square-root Language 565K sentence pairs
SSD-LM [7(] 400M Continuous Cosine Language 123B tokens
DiffusionBERT [21] 110M Discrete Spindle Language 16B tokens
CDCD [47] 1.3B Continuous - Language 315B tokens
LD4LG [49] 188M Continuous Cosine Language 5.2M sentence pairs
SeqDiffuSeq [L3§] 65M & 110M Continuous Adaptive Language 45B tokens
TESS [54] 125M & 355M Continuous Linear Language -

MDLM [59] 110M Discrete Log-linear Language 622B tokens
DFM [65] 1.7B Discrete Linear & Cubic Language & Code 2.5T tokens
TESS-2 [b3] 7B Continuous Log-linear Language 360B tokens
LLaDA [24] 1B & 8B Discrete Linear Language & Code 2.3T tokens
Mecury [28] - Discrete Log-linear Code Trillions tokens
LLaDA-1.5 [B1] 8B Discrete Linear Language 2.3T tokens
MMaDA [27] 8B Discrete Log-linear Language 900B image-text tokens
Dream [22] 7B Discrete Log-linear Language & Code 580B tokens
LLaDA-V_[25] 8.4B Discrete Linear Multimodal 3M image-text samples
LaViDa [92] 8.4B Discrete Convex Multimodal 1.6M image-text samples
Dimple [26] 7B Discrete Log-linear Multimodal 0.8B tokens
LongLLaDA [69] 8B Discrete Log-linear Language & Code 2.3T tokens
DiffuCoder [80] 7B Discrete Log-linear Code 130B tokens
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TABLE 2
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Method Algorithm Type Core Goal Key Technical Innovation Model Type

DoT [717] Non-RL Fine-tuning Enable parallel Chain-of- Converts serial CoT into a parallel diffusion ~ Continuous/
Thought reasoning process; training-time self-correction Discrete
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reasoning Unmask Policy Module Discrete
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Framework(PPO/GRPO)  non-differentiable rewards entropy & importance sampling
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training efficiency masks
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VRPO [B]] Preference Optimization Align with human preferences  Sample budget allocation; antithetic Discrete

(DPO)
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LLaDA
/ 8 steps

Prompt: A rectangular prism has a length of (2x+3) units, a width of (x+1)

units, and a height of (x-1) units. What is the volume of the prism when x=4

To find the volume of a rectangular prism, we simply

LLaDA multiply the lengths of the length, width, and height.
Given that length = 2x + 3=8+3 =11, width=4+1=
64 steps 5,and x - 1= 4 - 1= 3 when x=4, the volume of the
prism is 11 * 5 * 3 = $\boxed{165}$ cubic units.
The volume of a rectangular prism is found
LLaDA by multiplying its length, width, and height.
Thus, the expression $(4+3)(4)(4+1)(4-1)$simplifies
32 steps to $(11)(4)(5)(3)$,which evaluates to

$\boxed{660}$ cubic units

%)

The volume $= prism prism4 the 44444
4411(2+1+3)(1+1+1)(4144)(441)( 1)1
4)(5)(()(1)(=\boxed{220}$

MMaDA
256 steps

MMaDA
32 steps
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GT: The volume of a rectangular prism is the product of its
length, width, and height. Thus, when x = 4, the volume of
the prismis (2x4+3)(4+1)((4-1)=11x5x3 =165

cubic units.

<think> First, I need to determine the dimensions of
the rectangular prism when x = 4.

Volume = length x width x height = 11 units = 5 units x 3
units = 165 cubic units.

</think> The volume of the prism is (\boxed{165}\)
cubic units.

<think>

First, I volume the the the prism by multiplying the
three dimensions, length, width,, height. So, 2x + 3, (x
+1), and (x - 1).Substituting x = 4 into each
expressions:the:223 = 4 + 3, the:41 = 5, and the:41 = 3.
Multiplying these together: 33 553 = 473.3.

</think> The volume is \( prism is \(\boxed{473}\)

<think>

First, I need of find the volume to a rectangular prism
prism x the= x as, 4 +,.xxxx, thex2.x3,,,

X, x.x, volume +x, +,, volumexxx1xxxx volume volume
the2x,, xxx +x formula.xxx3.x volume
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