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A Related Works

Autoregressive Models. The autoregressive modeling paradigm, where the prediction of a token
only depends on the preceding context, is widely adopted in modeling language. Autoregressive
models have catalyzed significant advances in artificial intelligence, achieving state-of-the-art results
across a range of tasks, including fluent text synthesis [24} (1|32} |5], program generation [25]], and
chain-of-thought reasoning in mathematical domains [33]. However, despite their transformative im-
pact and broad deployment in real-world systems, ARMs are inherently constrained by their sequential,
left-to-right generation strategy [[L8 130} 16, [17]. This unidirectional nature presents persistent chal-
lenges in scenarios requiring foresight, multi-step reasoning, and iterative self-correction [[19} 4, |34].

Diffusion Language Models. Continuous diffusion models have demonstrated remarkable perfor-
mance and controllability in image generation tasks [[16} (31|10} [15]. Building on these successful
practices, several works have extended continuous diffusion models to text generation [20} 12} 11} 14]].
Among them, Plaid [14] is a notable approach that maps discrete text into a continuous embedding
space and constructs a continuous diffusion framework in that space. Given the inherently discrete
nature of language, Austin et al. [3]] proposed D3PM, a diffusion framework tailored to discrete data
domains. They incorporate an absorbing [MASK] state as noise, laying the foundation for discrete
diffusion models. This framework has been further developed by [21], [22], [26], and [29]. Among
these, the MDLM [26] framework is one of the most widely adopted, offering a simple and efficient
training objective. More recently, BDLM [2] combines ARMs with MDMs through interpolation,
integrating the left-to-right generation paradigm of ARMs into MDMs and proposing a novel diffusion
modeling framework. Furthermore, Ye et al. [35] have shown that MDMs significantly outperform
ARMs in complex reasoning and global planning tasks.

B Simple Path Mask Diffusion Model

Recall that, under the SPMDM framework, the input token sequence x (of total length V) is divided
into K non-overlapping subsequences, each of length L. Thus, K = N/L, assuming N is an integer
multiple of L. The k-th subsequence, denoted as xF for k € {1,..., K}, comprises tokens from the
original sequence. For convenience, we refer to the /-th token within the k-th subsequence as x***.

B.1 Forward Process

The forward noise process applied independently for each token is defined as follows:
K L
k6| k.0 k| kL k.l
asjo (e | x0) = [T T genio(xi 136, anjo (x5 | x5°) = Cat(an, x5 + (1 — ar,)m), (1)
k¢
where t = t1,--- ,tg, and t; denotes the noising step applied to x".
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B.2 Reverse Process

Under the framework of MDLM [26]], the reverse process iteratively recover values for masked

tokens, starting from a mask sequence x; = [m7 e ,m]. Let 0 < s <t < 1, the reverse process
is given by:
K L
<l ot
qs|t Xt | X0 HHqSk“k X, v X )7
kot
kot 2
a ‘ ( | X ka) Cat(X{k ) szé 7& m;
skt \X ty o Qi Qts =ty kb 8
Cat(1 M+ T EX ) X;, = m.

B.3 Simple Path Mask Diffusion NELBO

We provide the negative evidence lower bound (NELBO) for the simple path masked diffusion
parameterization. We firstly perform diffusion in each block over T discretization steps. Let Dk1,[]
denote the Kullback-Leibler divergence, ¢, sy, be shorthand for ¢4 () = ¢/T and si (i) = t(i —1)/T,
Vi € [1,T). We derive the NELBO as follows:

—logpy(x) = — Y logE,

a lpe( t (1):t5 (T | Xt_k)
k=1

97, ey 1X°)

K —k
=~ logE, lw fery |6 T o | . %6)

k=1 Hz a(xt s (4) |XfK(i))

-E, log pg (x* | xfk:%7x;k)

K
<D
k=1

3)

Lrecons

+ ]Etke{l %,1}&2(1 T'Dxw (Q(Xik | kaaxk) HPG(X; | thvxt k))

Liffusion

+ Dk (Q(kazl | x") ||p9(X§k—1>)1
l:prior

B.4 Simplified NELBO

We adopt the SUBS parameterization proposed by Sahoo et al. [26]. Specifically, we impose the
following constraints on the design of pg by exploiting the fact that, at any timestep ¢, each token x/

can only reside in one of two states: the original token x or the mask token m, i.e., x{ € x¢, m for
alllel,... L

1. Zero Masking Probability. Since the clean target sequence x does not contain any mask tokens,
we enforce pg(x* = m | x}) = 0, ensuring that the model never predicts a mask token during
denoising.

2. Carry-Over Unmasking. Once a token is unmasked in the reverse process it is never remasked.
Accordingly, we simplify the den01s1ng model by enforcing py(x% = x! | x{ # m) = 1, meaning
that any token already unmasked remains unchanged in subsequent steps.
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Table 1: Dataset Deatails. Intra and Inter refer to toy datasets designed for intra- and inter-subsequence
modeling, respectively. CD is an abbreviation for Countdown..
Intra Inter CD3 CD4 CDS Sudoku

Train Entries 50k 50k 500k 500k 500k 100k
Test Entries 1k 1k 1k 1k 1k 1k
Avg Input Token 8 8 11 13 16 81
Avg Output Token - - 12 25 35 81
Max Input Token 8 8 16 15 18 81
Max Output Token - - 22 35 52 81

As a result, we will only approximate the posterior pg(x

becomes:

K
Ldiftusion = ZEtk,EqT Dk (g(xk, | kayxk) | po(xE, | kaaxgk))]
k=1

= x' | x{ = m). The diffusion loss term

K [ L
= ZEtquT ZDKL ( | th %) ||p0(th | th H Xy b))]

L{=1
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k=1 Le=1 At
K
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kq 1— oy 0 ty Tt

Previous works have shown empirically and mathematically that increasing the number of steps T'
yields a tighter approximation to the ELBO [{8]]. Following a similar argument, we form an continuous
time extension by taking 1" — oo, which yields the following diffusion loss term:

K /

o

Ldittusion = E Kty ~[0,1)Eq L _tg log po(x" | Xfpxt k)} (5)
k=1 b

For the continuous time case, we have ka_ fom
- - T

4~ limp_,. Cat (x""‘ ) = Cat(x*). Then, the
T
reconstruction loss term becomes:

»Crecons = _]Eq IOgPO(Xk | ka:%7xt?k) = —logpg(xk ‘ Xf =% = Xk ) Xg k) =0 6)

The prior loss also reduces to 0 because ay—1 = 0, which ensures ¢(x}, _; | x*) = Cat(m) and
po(xk,_,) = Cat(m).
Finally, we obtain a simple objective as follows:

K

I
LNgLBO = ZEka 0, 1]E [ IOgPG( | kavxt k) (7
k=1

C Experimental Details

C.1 Dataset Details

We present the detailed specifications of the toy datasets and problem-solving task datasets in Table ]

C.2 Implementation Details

Toy Examples. We conduct all toy example experiments using four RTX 4090 GPUs. MDLM [26]],
BDLM [2]], and SPMDM are all implemented using a tiny model with 6M parameters. For BDLM,
the block size is set to 2, and for SPMDM, the subsequence length is also set to 2. We use a learning
rate of 1 x 1072 and a batch size of 1024. All models are trained for 10 epochs on the training set.
Additionally, the number of sampling steps is fixed to 32 for all models.
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Problem-solving Tasks. We conduct all experiments related to problem-solving tasks using eight
RTX 4090 GPUs. Both ARMs and MDMs are implemented based on the GPT-2 architecture. Across
all datasets, we use a learning rate of 1 x 10~2 for the 6M-parameter tiny models and 3 x 10~ for
the 85M-parameter models. The batch size is set to 512. For the countdown task, we train for 150
epochs, and for the sudoku task, we train for 100 epochs. Specifically, for the Countdown task, we
set the block size of BDLM to 4, and for the Sudoku task, we set it to 9. During sampling, we fix the
number of denoising steps to 32 for all MDMs across all tasks. For LLaMA, we follow the results
reported in the work of Ye et al. [35]]; detailed fine-tuning settings can be found in Appendix C of
[35].

Reasoning Tasks. For GPT-2, SEDD, and DiffuGPT, we borrow the results reported by Gong et al.
[L3]. Following their experimental setup, we also use the advanced FineWeb2 corpus [23]], which is
derived from Common Crawl, as the training dataset for both MDLM and SPMDM. Training and
sampling are conducted on eight A100 GPUs with 40GB of memory. For models with 127M and
355M parameters, we use a learning rate of 3 x 10~ with a cosine scheduler. The batch size is set
to 512, and training is performed for a total of 400K iterations. During inference, the number of
sampling steps is fixed to 256.

C.3 Evaluation Details

For the intra- and inter-subsequence modeling tasks, we perform unconditional generation using
MDMs, generating 1,000 samples per task and evaluating performance by counting the number of
samples that satisfy the predefined structural constraints. For the countdown and sudoku tasks, we con-
duct conditional generation using the questions from the test set as prompts, and measure performance
by the number of correctly solved instances. For common sense reasoning tasks—HellaSwag [36]],
Winogrande [27], SIQA [28]], and PIQA [7]—we use answer accuracy as the evaluation metric. For
GSMBSK [9]], we take the questions from the test set as prompts for conditional generation and report
the accuracy of the final predicted answers as the evaluation metric.

D Limitation

SPMDM framework is based on factorization assumptions. In a state space of length N, the transition
matrix [8]] contains an exponential number of possible states, making it computationally expensive
to reverse. To alleviate this issue, existing works [8, 21} 26, [29] assume independence between
dimensions, treating each dimension as an independent one-dimensional diffusion process with the
same transition rate matrix. Admittedly, in language modeling, tokens are not entirely independent,
there exist complex dependencies between them. However, without this independence assumption,
the computational cost of training would become astronomical, and the modeling complexity would
increase significantly. Despite this simplification, extensive prior work [8 21} 26/ 29] and our own
experiments demonstrate that under this assumption, the model achieves strong performance with
practically acceptable results for real-world applications. At the same time, this presents an interesting
research direction—exploring ways to explicitly model the conditional dependencies between tokens.
By leveraging these dependencies to strategically plan the denoising process of DDMs, we can
potentially unlock significant improvements in the model’s generative capabilities.

E Impact

Ethical Impacts. This study does not pose any ethical concerns. It does not involve subjective
assessments or the use of private data, as all experiments are conducted on publicly available datasets.

Expected Societal Implications. The primary potential societal impact of SPMDM lies in its
possible misuse, particularly in generating false or misleading information, which could contribute to
misinformation, privacy violations, and other harmful consequences. To mitigate these risks, it is
essential to establish robust ethical guidelines and implement continuous monitoring to ensure the
responsible and ethical deployment of such generative models.
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