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Abstract

Large language models (LLMs) have demon-
strated strong capabilities in complex reasoning
tasks, yet the multi-step reasoning processes of-
ten lead to expensive computation cost. The
recent advance of diffusion language models
(DLMs) adopts a parallel, non-autoregressive
generation mechanism, which enables the effi-
cient production of multiple outputs. In this pa-
per, we explore a collaborative reasoning frame-
work that combines diffusion-based generation
with autoregressive evaluation. Specifically,
we leverage DLMs to efficiently propose step-
wise reasoning thoughts, and employ LLMs
as evaluators to assess and select candidates
based on their plausibility and correctness. By
decoupling proposal generation from evalua-
tion, our framework exploits the strengths of
both models: efficient exploration from diffu-
sion models and causally grounded assessment
from autoregressive models, which naturally
aligns with the divergent—convergent thinking
Jframework in cognitive psychology. Experi-
ments across various mathematical and logical
reasoning benchmarks demonstrate that, our
framework improves inference efficiency while
maintaining competitive or superior reasoning
accuracy, laying the groundwork for building
efficient reasoning architectures. Our code
is open-source at https://anonymous.4open.
science/r/Diffuse-Thinking-EC60 .

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities in complex reasoning tasks,
achieving strong performance across mathematical,
logical, and multi-step decision problems (Ope-
nAl, 2024a; Meta, 2024; Liu et al., 2024a; GLM
et al., 2024). Despite these advances, most contem-
porary LLMs adopt an autoregressive generation
paradigm, in which tokens are produced sequen-
tially from left to right and each token necessitates
a separate forward pass computation. This token-
by-token decoding mechanism makes large-scale
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Figure 1: Comparison of generation in DLM and LLM:
DLMs generate in parallel, producing multiple tokens
simultaneously, while LLMs generate sequentially, one
token at a time.

exploration of diverse reasoning paths computa-
tionally prohibitive. This bottleneck is particularly
acute for advanced reasoning techniques, such as
Chain-of-Thought (CoT) (Wei et al., 2022), Tree-
of-Thought (ToT) (Yao et al., 2023), and large rea-
soning models like OpenAl-03 (OpenAl, 2025),
which explicitly rely on generating and evaluating
numerous intermediate reasoning steps (OpenAl,
2024b; Xu et al., 2025; Kong et al., 2025).

The advancement of diffusion language models
(DLMs) offers a promising direction for addressing
the inefficiency of autoregressive reasoning. As
illustrated in Figure 1, unlike autoregressive LLMs
that generate tokens sequentially, DLMs adopt
a parallel reverse denoising process that enables
multiple tokens to be generated simultaneously.
This non-autoregressive generation paradigm al-
lows DLMs to efficiently produce diverse candi-
date outputs within a small number of forward
passes, substantially reducing the cost of proposal
generation. Moreover, while LLMs employ a uni-
form generation process for all tasks regardless of
difficulty or quality requirements, DLMs can dy-
namically adjust their denoising steps, enabling a
flexible trade-off between generation quality and

26739

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 26739-26757

July 2-7, 2026 ©2026 Association for Computational Linguistics


https://anonymous.4open.science/r/Diffuse-Thinking-EC60
https://anonymous.4open.science/r/Diffuse-Thinking-EC60

speed tailored to the specific demands of the task.

These properties suggest that DLMs are partic-
ularly effective at exploring diverse candidate rea-
soning thoughts. In contrast, although LLMs in-
cur high costs during output generation, they can
process and store arbitrarily long input sequences
within a single forward pass, making input-side
computation relatively efficient.(Gao et al., 2025;
Bertsch et al., 2025; Shi et al., 2024; Liu et al.,
2024b) Moreover, due to their autoregressive mod-
eling of conditional token dependencies, Relative
to DLMs, LLMs exhibit strong causal reasoning
and logical consistency, which are essential for
evaluating structured reasoning processes. As a re-
sult, LLMs are naturally suited to act as evaluators
that assess the plausibility and correctness of can-
didate reasoning paths.(Chi et al., 2024; Kim et al.,
2023) This complementary division of roles en-
ables a collaborative reasoning paradigm in which
proposal generation and evaluation are decoupled
and assigned to different model classes.

Notably, this design principle aligns with the di-
vergent—convergent thinking framework (Guilford,
1967) in cognitive psychology, which distinguishes
two complementary modes of problem solving. Di-
vergent thinking emphasizes the broad generation
of multiple, diverse candidate ideas without im-
mediate commitment to their correctness, whereas
convergent thinking focuses on systematically eval-
uating, refining, and selecting among these candi-
dates based on logical consistency and task con-
straints. In our framework, DLMs naturally instan-
tiate the divergent mode by efficiently proposing
diverse candidate thoughts, while autoregressive
LLMs realize the convergent mode by leveraging
their causally grounded generation to perform logi-
cal evaluation and selection. This correspondence
offers a concrete explanation, from a cognitive psy-
chology perspective, for why diffusion-based gen-
eration and autoregressive evaluation complement
each other in collaborative reasoning.

However, realizing effective collaboration be-
tween DLMs and LLMs in complex reasoning tasks
presents several challenges. First, the collaboration
mechanism between DLMs and LLMs remains un-
derexplored, and the appropriate division of roles
between the two paradigms is not yet well under-
stood. Second, due to information loss inherent in
the diffusion process, naively generated proposals
may lack logical precision, limiting their useful-
ness for downstream reasoning. Third, the optimal
granularity and scope of reasoning thoughts to be

generated by DLMs remain unclear, making it non-
trivial to determine how complex reasoning tasks
should be decomposed for proposal generation.

To address these challenges, we propose Diffuse
Thinking (DT), a novel diffusion—autoregressive
collaborative reasoning framework. DT is built
upon a clear division of labor: DLMs serve as
proposers that generate diverse, single-step inter-
mediate reasoning thoughts, while LLMs act as
evaluators that assess and filter these proposals
based on causal and logical consistency. The inter-
action between proposer and evaluator is orches-
trated through a structured propose—evaluate & se-
lect loop, ensuring that only the most plausible
reasoning steps are retained for subsequent expan-
sion. Through this design, DT significantly im-
proves inference efficiency while maintaining high
reasoning accuracy. To further boost the quality
of proposals in practice, we fine-tune DL.Ms on a
curated dataset of single-step reasoning examples,
further enhancing the reasoning capabilities of the
framework.

We conduct extensive experiments on four math-
ematical and logical reasoning benchmarks. Across
all benchmarks, DT consistently outperforms base-
lines, achieving higher reasoning accuracy while
significantly improving inference throughput. On
average, DT improves reasoning accuracy by 5%
and throughput by 10% compared to the most accu-
rate baselines. Our contributions are summarized
as follows:

* We propose a novel collaborative reasoning
framework that combines DLMs and LLMs,
decoupling proposal generation from evalu-
ation at the level of intermediate reasoning
thoughts.

* We provide theoretical analyses from
information-theoretic and computational com-
plexity perspectives to explain the advantages
of the proposed diffusion—autoregressive
collaboration.

* We validate the effectiveness of our frame-
work on diverse mathematical and logical rea-
soning benchmarks, demonstrating that it si-
multaneously improves reasoning accuracy
and inference efficiency.

2 Related works
2.1 Chain-of-Thought reasoning in LL.Ms

Recent advances in LLMs have demonstrated that
explicitly modeling intermediate reasoning steps
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is critical for solving complex mathematical and
logical tasks. Early work on Chain-of-Thought
(CoT) prompting (Wei et al., 2022) showed that
encouraging models to generate step-by-step expla-
nations can substantially improve reasoning accu-
racy. Building upon CoT, subsequent frameworks
such as Tree-of-Thought (ToT) (Yao et al., 2023)
and related search-based methods further extend
this idea by decomposing problems into multiple
reasoning branches, sampling diverse intermedi-
ate thoughts, and selecting promising trajectories
via evaluation or search (Snell et al., 2024; Xie
et al., 2024). In parallel, reinforcement learning
and verifier-based training strategies have been in-
troduced to strengthen reasoning behaviors, giving
rise to so-called large reasoning models (Guo et al.,
2025; OpenAl, 2024b; Shao et al., 2024; Xu et al.,
2025). Despite their success, these approaches al-
most exclusively rely on autoregressive decoding
to generate numerous intermediate thoughts (Shao
et al., 2025a,b; Zeng et al., 2025). As reasoning
depth and the number of sampled thoughts increase,
token-by-token generation becomes the dominant
computational bottleneck, motivating the explo-
ration of more efficient generation paradigms for
complex reasoning.

2.2 Diffusion language models

Diffusion models have attracted increasing atten-
tion for text generation. To bridge the gap be-
tween continuous diffusion processes and discrete
text tokens, two main categories of DLMs have
been proposed: discrete DLMs, which corrupt
tokens via Markov transitions (Zou et al., 2023;
Hoogeboom et al., 2021; Zheng et al., 2023; Lou
et al.), and continuous DLMs, which embed to-
kens and apply Gaussian noise. Both paradigms
have demonstrated strong performance across a
range of NLP tasks, including machine transla-
tion (Nachmani and Dovrat, 2021), controllable
generation (Han et al., 2022; Li et al., 2022) and
text summarization (Zhang et al., 2023). Beyond
traditional NLP tasks, recent work has begun to
explore DLMs for complex reasoning. Pretrained
models such as Plaid (Gulrajani and Hashimoto,
2024) and SEDD (Lou et al., 2023) achieve genera-
tion quality comparable to autoregressive models
of similar scale. Several efforts explicitly target
reasoning: Diffusion-of-Thought (Ye et al., 2024b)
incorporates CoT supervision into diffusion mod-
els, while (Ye et al., 2024a) improves training ef-
ficiency via token-level reweighting and achieves

strong performance on structured tasks such as Su-
doku, though it remains limited to numeric tokens
and lacks general semantic reasoning capability.

More recently, scaling efforts such as
LLADA (Nie et al., 2025) and DiffuLLaMA (Gong
et al., 2024) extend DLMs to the 7-8B parameter
range. In parallel, Mercury Coder (Khanna et al.,
2025), a commercial-scale diffusion model for
code generation, demonstrates generation speeds
of up to 1000 tokens per second, substantially
outperforming autoregressive models in through-
put. These advances underscore the efficiency
advantages of diffusion-based generation. Our
work builds on these developments by proposing
a collaborative framework that combines the
efficient generation of DLMs with LLMSs’ strong
causal evaluation.

3 Methodology

Inspired by the cognitive process of divergent and
convergent thinking, we propose a collaborative
reasoning framework. The reasoning task is decom-
posed into sub-tasks where the DLM extensively
explores the solution space to generate diverse can-
didate proposals, while the LLM evaluates and se-
lects the correct ones. This cycle of proposing and
evaluating iterates until the answer is derived.

3.1 DLM as thought proposer

In our framework, the DLM assumes the role of di-
vergent thinking, tasked with the broad and rapid
exploration of the solution space. The following
computational complexity analysis demonstrates
why the DLM’s parallel generation mechanism is
ideally suited for this efficient proposing role.

Computational complexity derivation of DLM

For DLM, since the input and output lengths are
fixed and equal, the computational complexity is
primarily determined by the denoising transformer
network layers and the number of denoising steps.
For T denoising steps, the total FLOPs for the
DLM can be expressed as:

D
FDLM:T-(2-N~<12-L-D2+2-L2->

H
+2-L-D-E+2-L-(D+2-E)-V)

=0(T-L?
(D

For a more detailed derivation, please refer to Ap-
pendix A. Considering the generation of K sam-
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Figure 2: Overview of the proposed framework, exemplified by the Game of 24. The DLM efficiently generates
diverse candidate thoughts, while the LLM evaluates these candidates to select the most promising proposal.

ples, the overall computational cost becomes:

Foim k) = K - Fpum (2)
Parallel-time complexity. All matrix multipli-
cations inside self-attention and MLP are paral-
lelizable over the sequence dimension L, since the
DLM processes the entire sequence simultaneously
in forward passes. Assuming ideal hardware that
provides O(L) parallel lanes, the wall-clock la-
tency per denoising step collapses to the longest
dependency path, yielding

Kpry - L2-T

T = 0< 7 ) = O(Kprm-L-T).

3)
Thus, under sufficient parallelism, the latency is
linear in T and linear in L, while the total FLOPs

still scale as O(L*T).

Computational complexity derivation of LLM

In contrast to DLM, the computational cost of
LLMs is determined by both their backbone archi-
tecture and the variable length of output text. We
denote the per-head dimension as: dj, = %. Con-
sidering KV-cache, the computational complexity
of LLLM can be expressed as:

Foa= (2-D-V+24-N-D?) - Ly
+(24+24-N-D)-D- Ly,

D
+4N* +Lin'Lout))‘

o (L2, + L2

out
For a more detailed derivation, please refer to Ap-
pendix B.

When generating K samples, the complexity
scales by a factor of K and is further affected by

the length of the longest generated sequence:

L2

out,max

Tim = O(KLLM(
= O(Kum L?)

+ L12n + Lin Lout))

“)

Sequential-time complexity. Unlike DLMs, au-
toregressive language models generate tokens one
by one; each new token depends on all previously
generated tokens. Consequently, self-attention and
MLP layers cannot be parallelized across the se-
quence dimension Ly, even under ideal hardware.

We also computationally demonstrate that
Kpra can reach 16 times as much as Ky
for the same model architecture, computational re-
sources, parameter sizes, and input/output lengths
while best fitting our experimental setup. The
above are all derived results considering KV-cache
for LLM. If the KV-cache is not considered, the
computational cost of the LLM increases rapidly
as the sequence length increases, due to the cubic
dependence on Ly, while the computational cost
of the diffusion model remains low. For a more
detailed derivation, please refer to Appendix B.4.

The comparison of DLM and LLM highlights
the significant advantage of DLM’s parallel gener-
ation, which inspires us to fully leverage the par-
allelism of DLMs to replace LLMs for proposing
a number of thoughts, thereby greatly improving
inference efficiency. Assuming that the DLM gen-
erates M thoughts, then the denoising process can
be defined as follows:

&)

“Denoised” represents the process in which
DLM gradually denoises from noise and generates
final outputs. The equation as a whole indicates

P = {Denoised;y(70) | j =1,..., M}
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that DLM generates M thoughts, which are placed
in a set P for subsequent derivation.

3.2 LLM as thought evaluator

In our framework, the LLM assumes the role of
convergent thinking, tasked with the rigorous eval-
uation and selection of candidate proposals. The
underlying mechanisms of inference in LLMs and
DLMs differ fundamentally. For LLMs, with the
support of KV cache, the process of handling in-
puts and generating tokens is separated into two
phases. In the first phase, known as prefill, LLM
processes all input tokens in parallel to initialize
the KV cache, performing a single forward pass to
output the first token. The second phase is decod-
ing, where the model generates subsequent tokens
one by one, requiring a forward pass for each gener-
ated token. The separation of two phases explains
why input tokens are cheaper than output tokens
in current LLMs. However, for DLMs, handling
inputs and generating outputs cannot be separated,
and there is no advantage in processing inputs more
efficiently than generating outputs. This indicates
that LLMs exhibit high efficiency in processing
input. Regardless of the input text length, an LLM
only requires a single forward pass to encode the
entire input into the initial state of the attention
memory. This advantage is not present in DLMs,
which inspires us to leverage LLMs as evaluators
to assess and filter a large number of proposals.
Moreover, LLMs inherently possess strong general
semantic understanding capabilities, enabling them
to identify the most promising and correct proposal
from a set of candidates.

Specifically, once the DLM generates a set of
candidate solutions, LLM can be leveraged to eval-
uate and select the most appropriate one, taking
into account the context provided by the problem
and the proposals. The evaluation process can be
formulated as follows: The LLM receives a prompt
that includes the problem g, the candidate solutions
‘P, and relevant guidance. The model then predicts
both the most suitable solution index ¢* and the
corresponding reasoning r in a unified process by
computing the joint probability distribution:

pLm(i*, rlq, P; 6) (6)

Here, ¢* represents the chosen solution index, and
r is the reasoning behind the choice. This for-
mulation encapsulates both solution selection and
reasoning generation in a single model evaluation.

This formulation enables the LLM to provide both
a solution and an explanation in one inference
pass, significantly reducing computational over-
head compared to evaluating each candidate solu-
tion individually.

3.3 DLM-LLM collaborative reasoning
framework

Ultimately, we combine the rapid proposal gener-
ation of the DLM with the precise evaluation of
the LLM. Through an iterative propose-evaluate
mechanism, this design yields a highly efficient
and capable reasoning system. The overall process
proceeds as follows: First, the diffusion model gen-

erates a set of candidate solutions P by reversing

the noise from the initial noisy states igf) for each

j=1,..., M. After generating the candidate so-
lutions, the problem input g is concatenated with
‘P to form a prompt for the LLM.

The LLM then evaluates all the candidates in
one inference step, predicting the most suitable
solution index ¢* and providing the corresponding
reasoning r. The selected solution is the one with
the highest probability:

i* = arg max prim(ilq, P; 6) (7)
3

Finally, the selected solution z* is obtained as x* =
xi=, and the reasoning r provides an explanation
for the selection.

We present a theoretical analysis that elucidates
the fundamental limits of error in diffusion lan-
guage models from an information-theoretic per-
spective. Specifically, the per-step information
loss Al is defined as the difference between the
model’s estimated mutual information and the true
mutual information:

Al = Lingep(X¢| Xi—1) — I(X¢|Xi—1) > 0. (8)

This loss quantifies the information about the de-
pendencies between tokens z! within step ¢ (given
X;—_1) that is omitted by the model.

Let igeat(X™; Xo) be the mutual information
achievable by an ideal T-step diffusion pro-
cess (without the independence assumption), and
Tindep(X ™5 X) be the mutual information achieved
by the model using the independence assumption.

The total accumulated information loss is:

TotalLoss(7, L) =

. . ©
Iideal(X ;XO) - Iindep(X ;XO) >0
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This total loss reflects the cumulative impact of
the per-step losses Al across all denoising steps.
We derive the following inequality using Fano’s
inequality (Scarlett and Cevher, 2019):

Higeal(X™ | Xo) + TotalLoss(T, L)
< H(EDiff(Ta L)) + EDiff(T> L) 10g(|X’ - 1)
(10)

TotalLoss(7', L) denotes the total accumulated in-
formation loss, while Hjgea (X *|X0) represents the
conditional entropy of the ideal denoising process.
Epiff(T,L) = P(Xo # X*) denotes the final
error probability, and X is a finite set of possible
values for X*. A detailed derivation of this inequal-
ity is provided in Appendix C. This indicates that
the lower bound of error in the diffusion language
models is affected by the loss of information in
the parallel prediction tokens, which is expected to
increase as L increases. By integrating the diverse
solution generation capabilities of diffusion mod-
els with the global reasoning capabilities of large
language models (LLMs), the proposed framework
systematically optimizes the solution for each step,
narrowing the gap with the correct answer for that
step. The LLLM not only selects the optimal solu-
tion but also ensures transparency by providing a
detailed explanation of its choice.

3.4 Learning to propose thoughts

To further elicit the intrinsic capability of DL.Ms
for continuous and incremental problem-solving
through training, we meticulously design the con-
struction of the training data. Specifically, for each
reasoning task, we perform task decomposition,
breaking down the complete reasoning process into
sub-tasks that are more manageable and relatively
easier to solve. Each sub-task corresponds to a
specific and practical reasoning thought, such as
computation, concatenation, transformation, and
so forth. Each ground truth thought is obtained
through a search-based approach, where we ex-
plore and traverse the entire solution space. Ulti-
mately, we filter and retain the most accurate and
promising thoughts to be included in the dataset.
Each thought constitutes a part of the solution, ef-
fectively advancing the problem-solving process.
For each training instance, the input consists of the
problem description of the reasoning task along
with the preceding reasoning thoughts, while the
output is the next reasoning thought.

This dataset construction approach encourages

our DLM to spontaneously adopt step-by-step rea-
soning to tackle problems and propose the next-
step reasoning thoughts. The DLM can perform
denoising on a batch to effectively generate multi-
ple next-step thoughts, forming a set of candidate
proposals. These proposals are then evaluated and
filtered, with one or several selected to proceed,
enabling the iterative process of proposing and fil-
tering until the problem is solved.

4 Experiments

We evaluate the comprehensive reasoning accu-
racy and efficiency of our framework across four
challenging benchmarks against baselines. Further-
more, we conduct a detailed analysis of the quality
of DLM-generated proposals and quantify the per-
formance gains contributed by the LLM evaluator.

4.1 Experimental setup

Benchmarks: We select the Game-of-24, GPQA,
ARC-C and Trip-planning problems as our evalua-
tion benchmarks. Game-of-24 requires using four
given numbers to compute the number 24 through
addition, subtraction, multiplication, and division,
assessing both fundamental arithmetic skills and
the ability to maintain a global logical perspec-
tive throughout the reasoning process. GPQA
presents a PhD-level task that demands identify-
ing the single correct answer among four choices
in biology, physics, or chemistry, foregrounding
retrieval of rare factual knowledge, chaining of
multi-step scientific reasoning, and resistance to
subtle, expert-designed distractors. ARC-C tasks
the solver with electing the single valid choice from
four elementary-level science options, spotlighting
common-sense induction, unseen domain transfer
over distant concepts, and immunity to surface-
level semantic mirages. Trip-planning entails com-
posing a uniquely-valid multi-city itinerary un-
der deterministic flight-connectivity and day-level
duration constraints, foregrounding implicit con-
straint propagation, cross-domain temporal reason-
ing.

For the Game-of-24 , we exhaustively enumer-
ated number combinations and employed a back-
tracking approach to solve it. We considered all
non-repetitive, diverse solutions, resulting in a
dataset of 168,046 24-point problems, with the
maximum value for the four numbers limited to 30.
For GPQA benchmark, we used the original dataset
from (Rein et al., 2024). For ARC-C, we used the
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Solutions Game-of-24 Trip-planning GPQA ARC-C
(Proposer + Evaluator) Acc ThroughPut| Acc ThroughPut| Acc ThroughPut | Acc ThroughPut
Llama3-8B + Llama3.3-70B 0.12 0.30 0.04 0.23 0.32 0.13 0.80 0.49
Mistral-7B + Llama3.3-70B 0.08 0.41 0.07 0.18 0.33 0.19 0.81 0.57
Deepseek-7B + Llama3.3-70B  |0.12 0.36 0.11 0.25 0.33 0.38 0.82 0.53
DT(LLADA-8B + Llama3.3-70B) [0.12 048 [0.16 035 [033 056 [0.82 105
DT(Dream-7B + Llama3.3-70B) |0.13 0.45 0.29 0.40 0.37 0.46 0.83 0.59

Table 1: Performance of our proposed framework (DT)

. In each benchmark, the highest reasoning accuracy and

throughput is highlighted in bold, and the second-highest is underlined.

challenge set from the original dataset from (Clark
et al., 2018). For Trip-planning, we used the 3-city
subset of the original dataset from (Zheng et al.,
2024). All the datasets used and created in this
paper will be open-sourced at the project link.

4.1.1 Metrics

Acc Except for the Game-of-24, all benchmarks
admit a unique solution. Reasoning accuracy is
computed by comparing the generated outputs with
the ground truth. For the Game-of-24, beyond ver-
ifying whether the final result equals 24, we addi-
tionally evaluate the validity of the intermediate
reasoning steps, including whether all four num-
bers are properly used and whether each arithmetic
operation is correct.

Throughput Following a standard experimental
setup, we measure throughput, the number of sam-
ples processed per minute (it/min) with a batch size
of one during inference, to assess the framework’s
time efficiency in problem solving.

Time To provide an intuitive measure of effi-
ciency, we measure time in single-step evaluations,
reporting the average inference time per step (in
seconds).

Pass@5 To examine the quality of the thoughts,
we measure the probability that at least one of the
five proposals is correct for a single sub-task.

Baselines Given that the parameter count of
the DLM model falls within the range of 7 and
8 billion, to ensure a fair comparison, we restrict
our consideration to LLM models with parameters
close to 8 billion. Ultimately, we select the recently
released and widely recognized models: Llama3-
8B (Meta, 2024), Mistral-7B (Jiang et al., 2023)
and Deepseek-7B (Bi et al., 2024) as proposers. We
configure the evaluation model, Llama3-70B (Meta,
2024), to assess the thoughts generated by each pro-
poser.

Implementation details In inference, the num-

ber of sampling steps 7" is dynamic. This demon-
strates the flexibility of Diffusion LM and improves
the efficiency of proposal generation. We set 7" = 8
for Game-of-24, T' = 64 for GPQA ,Trip-planning
and ARC-C. For the Main Results 4.2 and Quality
of Proposals 4.3, we directly use two open-source
discrete DLMs, namely Dream (Ye et al., 2025)
and LLADA (Nie et al., 2025). In the finetun-
ing experiment, we train our model on a single
NVIDIA A100-80G with a batch size of 2, and
perform sampling on the same device. The DLM
is finetuned from the pretrained discrete diffusion
language model LLADA (Nie et al., 2025). During
finetuning, we set the maximum sequence length
to 4096 and use a learning rate of le-5.

4.2 Main results

Table 1 presents the performance comparison be-
tween our proposed framework and the baselines.
In terms of efficiency, our framework significantly
outperforms autoregressive models. Specifically,
DT (LLADA-8B) achieves the highest throughput
across benchmarks; for instance, on ARC-C, it
reaches 1.05 it/min, approximately doubling that
of Deepseek-7B (0.53 it/min).

Regarding accuracy, DT (Dream-7B) demon-
strates remarkable robustness. On the challeng-
ing Trip-planning benchmark, it attains an accu-
racy of 0.29, vastly exceeding Llama3-8B (0.04)
and Mistral-7B (0.18). This indicates that the di-
verse, parallel proposals generated by DLMs effec-
tively cover the solution space in complex tasks,
allowing the LLM evaluator to identify superior
reasoning paths that greedy autoregressive decod-
ing misses. Furthermore, on the expert-level GPQA
benchmark, our framework maintains superior per-
formance (0.37), proving its versatility across vary-
ing difficulty levels. Overall, these results validate
that Diffuse Thinking establishes a better trade-
off between inference speed and reasoning quality
compared to traditional autoregressive pipelines.
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GPQA ARC-C

pass@5 Time |pass@5 Time |pass@5 Time [pass@5 Time
Llama3-8B | 0.15 6.43| 033 42.12| 0.55 78.28| 0.88 28.32
Mistral-7B | 0.065 4.76| 0.33 40.62| 0.25 49.94| 0.83 18.88
Deepseek-7B| 0.125 18.06| 0.36

LLaDA-8B
Dream-7B

Models Game-of-24 |Trip-planning

Table 2: Quality of reasoning thoughts. For pass@5,
higher values (1) are better; for Time, lower values ({)
are better.

4.3 Quality of proposals

Furthermore, to examine the quality of the thoughts
proposed by the DLM without finetuning, we omit-
ted the LLM evaluator and independently assessed
the quality of the thoughts generated by several
proposers. The results in Table 2 clearly demon-
strate that on different benchmarks, the quality of
reasoning generated by DLM is better than that of
the baseline models or at least comparable to the
baseline models. The average accuracy advantage
exceeds 10%, and the generation efficiency is also
notably better, with an average throughput advan-
tage surpassing 15%. This fully corroborates our
previous complexity analysis of the DLM and LLM
models.

4.4 Ablation Study

We conduct ablation studies to evaluate the neces-
sity of the LLM-based evaluation phase. We exam-
ine the reasoning capability of DLMs in isolation.

As summarized in Figure 3, the role of the LLM
evaluator is pivotal. The performance of DLMs
(Dream and LLADA) degrades significantly when
performing multi-step reasoning without an eval-
uation phase. The sharp decline, particularly in
Game-of-24, underscores the severity of error accu-
mulation in vanilla DLMs and validates our collab-
oration framework.

4.5 Learning to propose thoughts

In this subsection, we demonstrate the signifi-
cant performance improvements achieved by fine-
tuning our model on two benchmarks: ARC-C and
Game-of-24. Figures 4 illustrates the performance
gains on the ARC-C and Game-of-24 datasets, re-
spectively. As shown in the figures, the model’s
performance on the ARC-C dataset increased from
13% to 21% after fine-tuning, while on the Game-
of-24 dataset, the performance improved from 83%
to 87%. These results underscore the effective-
ness of fine-tuning DLM as an efficient proposer in
enhancing our framework’s reasoning and problem-
solving capabilities. For detailed information on
the training data, please refer to Appendix D.2.
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5 Conclusion

In this paper, we propose Diffuse Thinking, a
novel collaborative framework that synergizes
DLMs and LLMs to structurally embody the di-
vergent—convergent thinking theory in efficient rea-
soning. By distinguishing the roles of broad ex-
ploration and logical evaluation, our work offers a
fresh paradigm for complex problem-solving. Ul-
timately, Diffuse Thinking lays the groundwork
for the exploration of future efficient reasoning ar-
chitectures, paving the way for developing more
scalable and cognitively grounded Al systems.

Limitations

While Diffuse Thinking establishes a robust frame-
work for efficient collaborative reasoning, we iden-
tify the scope of the selection strategy as a pri-
mary avenue for future enhancement. Currently,
our framework operates on a step-wise greedy
paradigm, where the evaluator selects the optimal
proposal based on the immediate likelihood of the
next thought. Although this approach yields com-
petitive performance across various benchmarks, it
prioritizes local optimality at each reasoning step.
This modular architecture, however, presents a sig-
nificant opportunity: it naturally accommodates
the integration of global planning algorithms. Fu-
ture work can extend this framework by incorporat-
ing look-ahead search mechanisms, such as Monte
Carlo Tree Search (MCTS) or backtracking strate-
gies, to further enhance performance on tasks re-
quiring long-horizon strategic foresight.
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A Detailed FLOPs calculation for
diffusion language model

In this section, we will provide a detailed derivation
and computation of the forward inference compu-
tational cost (in FLOPs) for diffusion models that
use a transformer decoder as their backbone.

A.1 Symbol definitions and assumptions

The following symbols are used: sequence length
L = 4096, model dimension D = 4096, embed-
ding dimension £ = 4096, number of attention
heads H = 32, number of Transformer blocks
N = 32, vocabulary size V = 126, 464, and num-
ber of denoising steps 1" (variable). Moreover, Fsa
represents FLOPs for a single self-attention opera-
tion. Fyp represents FLOPs for a single feedfor-
ward network. Fipners represents FLOPs for embed-
ding and other operations.

A.2 FLOPs for self-attention and feedforward

The self-attention (SA) mechanism includes the
following components: 1. Generating queries,
keys, and values: Fogxy = 2-3- L - D2. 2.
Computing attention scores and normalization:
Fattention_scores = 2-L?-D/H. 3. Weighted sum and
output projection: F, weighted_sum 1 F, out_projection —
2-L?-D+2-L-D%
Thus, the total FLOPs for SA is:
Fsp=8-L-D?>+4-1?-D/H (11)

The feedforward network (MLP) consists of up-
projection and down-projection, each contributing
8. L - D?, resulting in:
Fvip = 16-L- D? (12)
For one Transformer block, the total FLOPs is:
Fhiock = Fsa+ Fvip =24-L-D*+4-L*-D/H
(13)

A.3 Full model FLOPs per step

Considering N Transformer blocks, the total
FLOPs for the blocks is:

Fhiocks = N - Fplock (14)
=N-(24-L-D*+4-L*-D/H).

In addition, the embedding and output layers
contribute:

Fothers =2-L-D-E+2-L-(D+2-E)-V (15)
The total FLOPs per step is then:

F, step — E blocks + F, others- (16)
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A.4 Total FLOPs for T steps
For T denoising steps, the total FLOPs is:

FDLM :T'Fstep
=T-(N-(24-L-D*+4-L* D/H)

+2.L-D-E+2-L-(D+4-E)-V)
(17)

Obviously, the square term of L occupies an
absolute dominant position in the amount of cal-
culation. So the time complexity can be written
as:

Tom =0 (L*-T) (18)

It can be seen that the final time complexity is
proportional to the number of denoising steps T and
proportional to the square of the sequence length
L. For DLMs, T is a hyperparameter that can be
less than the number of tokens generated. By ad-
justing T', multiple tokens can be generated simul-
taneously, balancing quality and efficiency.

Parallel-time complexity. All matrix multipli-
cations inside self-attention and MLP are paral-
lelizable over the sequence dimension L, since the
DLM processes the entire sequence simultaneously
in forward passes. Assuming ideal hardware that
provides O(L) parallel lanes, the wall-clock la-
tency per denoising step collapses to the longest
dependency path, yielding

LD? I?°D/H
TDtLKq=0< Tt ) (19)
=O(D?* + LD/H).

Multiplying by the number of denoising steps T',
the end-to-end parallel-time complexity is therefore
T8 = O(T - L). (20)

Thus, under sufficient parallelism, the latency is

linear in T and linear in L, while the total FLOPs
still scale as O(LT).

B Detailed FLOPs calculation for
autoregressive LLM

In this section, we provide a detailed derivation
of the forward inference computational cost (in
FLOPs) for decoder-only autoregressive large lan-
guage models. The analysis includes key compo-
nents such as attention, feedforward layers, and
token embeddings.

B.1 Definitions and notations

We define the following symbols:
* L: Sequence length.

* D: Model dimension.

* H: Number of attention heads.

* N: Number of Transformer blocks.
* V: Vocabulary size.

* I/: Embedding dimension (equal to D).

B.2 FLOPs of each module

Embedding Layer
* Token embedding: Fepp =2 L - D.

* Output projection: Foy =2-L-D -V,
Thus, the total FLOPs for the embedding layer is:

Fembedding =2-L-D+2-L-D-V. (21)

Multi-Head  Self-Attention Mechanism
(MHSA) For a single Transformer block:
* Linear projections for (), K, and V: 6 - L -
D? (Consider KV-cache: 6 - D?)
* Attention score computation: Fjyun scores =
4-L*- L (Consider KV-cache: 4 - L - )
* Output projection: Fynow = 2 - L -
D?.(Consider KV-cache: 2 - D?)
The total FLOPs for self-attention is:

D
Fsp=8-L-D*+4- L%
(Consider KV-cache: 8- D* +4- L - 8.

(22)

Feedforward Network (FFN) The FFEN consists
of two linear transformations:
e Up projection:  Fipop = 8 - L -
D? .(Consider KV-cache: 8- D?).
* Down projection:  Fify down = 8 - L -
D? (Consider KV-cache: 8- D?).
Thus, the total FLOPs for the FFN is:

Fygn = 16 - L - D% (Consider KV-cache: 16 - D?)

(23)

Transformer Block The total FLOPs for a sin-
gle Transformer block is:

Fovlock = Fsa + Fren

D
=24-L-D*+4.-1% =, (24)
H
(Consider KV-cache: 24 - D?+4.-L- %)
(25)
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So for N Transformer blocks, the total FLOPs
are:

Fhiocks :N(24'L~D2) +N(4.L2.%)’
(Consider KV-cache:
Félocks = N(24' D2) +N(4- L - %))
(

26)
B.3 Total generation FLOPs

Since each token in the autoregressive language
model is generated sequentially, each step requires

recomputing self-attention and feedforward layers.

The sequence length at each step increases from
Lin to Liy + Loy. Thus, we approximate the total
FLOPs for generation as:

Fiota = F embedding

+L0ut - Ky blocks
L_>Lin+Lout

=2 Ly D+2-Loyw-D-V
+24’N'Lout'(Lin+L0ut) :

+4- N - Low - (Lin + Louw)? - (27)

ISR

(Consider KV-cache:

Fiotal = Fembedding + Lout - Fy,
ota embedding ou blocks L Lot Lou

+E blocks

A)Lin
=2 - Lin-D+2 Loy -D-V
+24 - N - Loy - D?

+4 -N - Lout : (Lin + Lout) :

TS

+24-N - Lip - D?

D
+4-N-L3- =) (28)

E.

Expanding terms:

Fota =2 -Lin-D+2-Low-D-V
+24- N - Lo - Lin - D*
+24-N- L%, D?

D

+4'N'Lout'L12n'ﬁ

D
+8'N'L0ut'Lin'L0ut'E
D
out E
(Consider KV-cache:
Fotal = (Q'D'V+24‘N'D2) * Lout
+(2+24-N-D)-D- L,

+4-N-L (29)

D
4N LA
D
Do,
D
+4-N - E ) Lin : Lout~) (30)
Asymptotic Complexity:
Fout = O (L) (31)

(Consider KV-cache: Fioy = O (Lgut)).
(32)

Sequential-time complexity. Unlike diffusion
language models, autoregressive language models
generate tokens one by one; each new token de-
pends on all previously generated tokens. Conse-
quently, self-attention and MLP layers cannot be
parallelized across the sequence dimension Ly,
even under ideal hardware.

B.4 Batch generation comparison

Assuming the same model architecture, computa-
tional resource, parameter sizes, and input/output
lengths(L;y + Lowt = L), the difference in GPU
memory occupied by DLM and LLM in the in-
ference process lies in the activation values and
KV-cache. For LLM, the number of parameters in
the K'V-cache can be expressed as:

=2-N-Krpn-D-(Lin+Lout)-
(33)
As for activation values, only the most numerous

parts need to be counted:
e MHSA: MemoryMHsA = KLLM : len - H.
e FEN: Memoryppny =4 - Ky - Lin - D.
For DLM, there is no KV-cache, only the activation
values need to be considered:

Memorygy,

ache
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¢ MHSA: MemoryMHSA = KDLM . L2 - H.

e FFN: Memoryrrpny =4 - Kpry - L - D.
If4.-D > L - H (typically, and in line with our
experimental setups):

2Lin + N(Lin + Lout)

K K = 34

prv/Krom (Ton + Lon) (34)
Substituting N = 32:

KDLM/KLLM > 16. (35)

IfL-H>4-D > Ly, H:

4Ly, -D+2-D-N - (Li, + Lout)

Kpivm/Krim = H (T & Low)?
m
(36)
Substituting H = 32,N = 32:
KDLJ\/[/KLLM>2'D/L. (37)

IfLy, - H>4-D:

L} -H+2-D-N- (Lin + Low)

Kpim/Krim = (T Lom)?
n
1 (38)
Substituting H = 32,N = 32:
KDLM/KLLM>2'D/L- (39)

C Error analysis in diffusion language
models

We extend the information-theoretic approach in
Gan et al. (Gan et al., 2025) to analyze diffusion
language models. Diffusion models generate a
sequence X of length L by iteratively denois-
ing an initial noise sequence X7 over 1’ steps:
Xr = Xr_1 — - = X7 = Xy. A common
practice is to predict tokens in parallel at each step
for efficiency.

C.1 Information loss from independence

assumption
Let X; = (af,...,2%) be the sequence at de-
noising step t. Consider the transition from

Xi—1 to X;. The true conditional probability is
p(X¢|Xi—1), and the associated conditional en-
tropy is H (X;|X;—1).

Many diffusion models approximate the reverse
process by assuming conditional independence of
tokens given the previous state:

Hpo

po(X¢| Xe—1) N Xe—1) (40)

Under this assumption, the conditional entropy cal-
culated by the model is:

L

> H(l[Xi-1)

=1

Hindep(Xt|Xt—1) = (41)

where the entropy H (x!|X;_1) is computed based
on the marginal pp(z}|X;_1).

As derived from the chain rule of entropy and
the property that conditioning reduces entropy:

H(X;|X—1) ZH (ztlh, ... 2t |, Xo0)
< ZH(xﬂXt—l)
=1
- indep(Xt|Xt71)
(42)

Thus, the independence assumption leads to an
overestimation of the conditional entropy:
H(X¢| Xi—1) < Hindep(X¢| Xi—1)  (43)

This implies an underestimation of the mutual in-
formation between consecutive steps:

I(Xt;Xt_l) = H(Xt) —H(Xt‘Xt_l) (44)
Iindep(Xt; thl) = H(Xt) - Hindep(Xt|Xt71)

(45)

= Jindep(Xt; Xi—1) < I(Xy; Xy—1)  (46)

Definition 1 (Per-Step information loss in diffusion)

The information loss at denoising step t due to the
independence assumption is the difference between
the model’s estimated conditional entropy and the
true conditional entropy:

AHt mdep(Xt|Xt 1)

H(X|X;-1) >0

(47)
Alternatively, it’s the difference in mutual informa-
tion:

Al = I(Xy; Xi—1) = Lindep (X3 Xi—1) > 0 (48)
This loss Al; quantifies the information about
the dependencies between tokens x% within step
t (given Xy_1) that is discarded by the model. This
loss is expected to increase with sequence length

L.
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C.2 Cumulative loss and final error
probability

Let X™* be the ground truth sequence the model

aims to generate. The difference in mutual infor-

mation hinders the model’s ability to maximize the

mutual information between the final output X

and the target X*, denoted (X *; Xj).

Let figeal(X™; X0) be the mutual information
achievable by an ideal T-step diffusion pro-
cess (without the independence assumption), and
Tingep (X ™*; X) be the mutual information achieved
by the model using the independence assumption.
The total accumulated information loss is:

TotalLoss(T, L) = ideal(X*Q Xg) — Iindep (X*; Xo)
>0
(49)

This loss reflects the cumulative impact of Al for
t=1T,...,1.

Let Epif¢(T,L) = P(Xo # X*) be the final
error probability. Using Fano’s inequality on the
pair (X*, Xo):

H(X*|Xo) < H(Episs(T, L))

50
Epyy (T, D) log(lx] —1) O

where X is the space of possible sequences.
The conditional entropy for the actual process
is:
Hindep(X*’XO) = H(X*) - Iindep(X*§ XO)
(5D
Substituting the definition of TotalL.oss:

Hindep(X*‘XO) = H(X*) - (Iideal(X*; XO)
—TotalLoss(7T', L))
(52)

Hindep(X*’XO) = (H(X*) - Iideal(X*§ XO))
+TotalLoss(T, L)
(33)
Hindep(X*|XO) = Hideal(X*|X0) (54)
+TotalLoss(T, L)

where Higea (X *| X0) is the conditional entropy of
the ideal process.

Plugging this back into the Fano inequality
bound:

Higeal(X*| X0) + TotalLoss(T, L) <
H(Epis(T,L)) + Episs(T, L) log(|X| — 1)
(55)

Implication: This inequality shows that the final
error probability Ep;ss(T, L) is lower-bounded
by a term that grows with the total accumulated
information loss TotalLoss(7, L) resulting from
the independence assumption across the 7" steps.

The error bound explicitly justifies the necessity
of our decoupled design: as the sequence length L
increases, the DLM’s accumulated information loss
grows, rendering it prone to errors in global evalua-
tion; we therefore leverage the DLM for efficient
local proposing while relying on the LLM’s rig-
orous causal modeling to evaluate longer contexts
and close the error gap.

C.3 Dependence on L and T

Sequence length (L): Since the per-step loss
Al likely increases with L (more dependencies
to ignore), the cumulative loss TotalLoss(7, L)
also increases with L. Therefore, the final error
Episs(T, L) is expected to increase with L.

Number of steps (7'): The dependence is com-
plex. Increasing 1" allows more denoising (informa-
tion recovery about X *, reducing Higea (X *|X0)).
Empirically, Ep;f¢(7T, L) decreases with 7" up to a
point, indicating the denoising benefit usually dom-
inates. However, the minimum error is limited by
TotalLoss(7', L).

D Discussions

D.1 Implementation details

Here we provide detailed experimental settings to
facilitate the reproducibility of our results in Ta-
ble 3. All experiments were run three times except
for the scaling of proposals for one time.

D.2 Code of ethics

In this paper, we use open-source models, which
involve no problem regarding privacy and copy-
right. We use open-source datasets and self-
constructed datasets, which involve no problem
regarding privacy and copyright. Except for Game-
of-24, we all use open-source datasets. For the
Game-of-24 , we exhaustively enumerated num-
ber combinations and employed a backtracking
approach to solve it. We considered all non-
repetitive, diverse solutions, resulting in a dataset
of 168,046 24-point problems, with the maxi-
mum value for the four numbers limited to 30
to make it more challenging. We have cited all
open-source resources. Our project code has also
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Module Element Detail
Operating System Ubuntu
20.04.6 LTS
CUDA Version 12.4
System Python Version 3.10.16
PyTorch 2.6.0
DeepSpeed 0.16.8
Accelerate 1.4.0
PEFT 0.15.1
Compute Device 1 X
NVIDIA
A100 (80G)
Base Model Llama3-70B
Inference Engine vLILM
Model (0.9.2)
Tensor Parallel 2
Data Type FP16
Context Window 8,192
Fine-tuning Mode LoRA
Batch Size 2
Training Epochs 1
Training Max Token Length 4,096
LoRA Rank (r) 128
Optimizer AdamW
Learning Rate 1x107°

Table 3: Detailed Experimental Settings

Diversity vs. Proposal Number (Game-of-24)

30 Dream

—e— Deepseek-7B
—o— Mistral-7B
—e— Llama3-8B

= N N
ul o o

N
o

Diversity (unique proposals)

0 10 20 30 40 50
Number of Proposals

Figure 5: Diversity vs. Proposal Number (Game-of-24).

been released and is available through the follow-
ing anonymous link: https://anonymous. 4open.
science/r/Diffuse-Thinking-EC60@. The self-
constructed data used in this paper is also released
at the provided anonymous link.

D.3 Further Comparison with Prior Works

Table 4 contrasts our hybrid framework with Dif-
fuLLaMA (Gong et al., 2024) and DeepSeek-R1-
8B. Our work is a hybrid framework rather than
pure DLM solutions like DoT(Ye et al., 2024b) and
DiffuLLaMA. We add DiffulLLaMA as a baseline.
Its performance is lower than ours, because a pure
DLM solution cannot correct wrong thoughts with
AR LLM. We also compare our framework with
a SOTA reasoning model: DeepSeek R1 8B (Guo
et al., 2025)(we use small scale version for fair-
ness). Its performance is significantly lower than
ours, highlighting the advantage of collaborative
framework.

Model Game Trip GPQA ARC-
of 24 plan- c
ning
DiffuLLaMA 0.00 0.00 0.03 0.01
DeepSeek-R1-8B  0.02 0.00 0.04 0.00
Ours 0.13 0.29 0.37 0.83

Table 4: Extra baselines on four reasoning benchmarks
(accuracy).

E Diversity analysis

Game of 24 is rule-simple and solution-diverse,
making it the cleanest test-bed for studying gener-
ation diversity. As shown in Figure 5, the cumu-
lative count of unique solutions keeps rising even
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after 50 proposals, yet the slope differs dramati-
cally across models. Dream leads the pack with the
steepest slope, ending near 30 distinct expressions,
while Deepseek-7B trails at 25; both still climb,
yet Dream ascends faster. Mistral-7B and Llama3-
8B, in comparison, level off quickly around 15 and
10 solutions, revealing a tendency to recycle once
common templates are found.

F Token Consumption Analysis

We have calculated the average token consumption
per task for each benchmark for both the baselines
and our Diffuse Thinking (DT) framework. As
shown in Table 5, DT consumes fewer total tokens
than the baseline methods, demonstrating its eco-
nomic advantage in practical applications. (‘Pro-
pose’ denotes the total tokens consumed during
the thought proposal, while ‘Eval’ represents the
tokens utilized during the evaluation and selection
stage.)

This efficiency is primarily attributed to the struc-
tural flexibility of DLMs. Specifically, unlike post-
hoc truncation, DLMs natively dictate the sequence
length prior to the generation process. By set-
ting the hyperparameter max_gen_tokens, the dif-
fusion mechanism structurally constrains and de-
noises the entire sequence within this exact length
dimension from the very first step. This intrin-
sic global planning naturally forces the model to
produce concise and targeted proposals. In con-
trast, autoregressive LLMs generate tokens sequen-
tially and fundamentally lack this structural length-
planning capability. They often exhibit verbosity
and rely on either unbounded natural termination or
abrupt forced truncation, which empirically results
in significantly higher token consumption.

G Sensitivity Analysis on Proposal
Number K

In our main experiments (Table 1), we empirically
set K = 5 based on preliminary validation. To
systematically investigate the impact of K, we con-
duct a sensitivity analysis on 100 test samples from
Game-of-24, with results shown in Table 6.

When K < 5, the performance exhibits a rapid
upward trend, indicating that within this range, the
evaluator LLM can effectively leverage the gains
brought by increased proposal diversity. However,
when K > 5, the improvement plateaus and subse-
quently declines. This suggests that as the prompt
length increases, excessively long contexts and too

many distracting options gradually approach the
LLM’s attention processing bottleneck, weakening
its retrieval and evaluation capabilities.

Based on these findings, we propose an adap-
tive selection heuristic for K: the search proto-
col ceases to increase K once the performance
reaches a plateau or exhibits a downward trend,
ensuring an optimal balance between computa-
tional cost and accuracy. This automated strat-
egy first employs exponential probing (evaluating
K € {1,2,4,8,16,...}) to rapidly identify the
saturation point where marginal performance gains
diminish. Once the saturation interval is bracketed,
a binary search is applied within that interval to pin-
point the optimal K. This ensures a robust balance
between proposal diversity and context length con-
straints across different models and tasks without
manual tuning.

H Ablation on Evaluator Choice

To validate that our framework’s gains stem from
the DLM proposer rather than evaluator-specific
idiosyncrasies, we substitute the primary Llama3.3-
70B evaluator with Qwen3-30B, with results shown
in Table 7.

Substituting the evaluator with Qwen3-30B pro-
duces highly consistent results compared to our
main experiments (Table 1). When paired with
the DLM proposer (LLADA-8B), Qwen3-30B
achieves 0.12/0.15/0.38/0.85 across the four bench-
marks, closely matching the performance obtained
with Llama3.3-70B. Similarly, using Llama3-8B
as the proposer with Qwen3-30B evaluator yields
comparable trends.

I Case study

To better understand the mechanism of our frame-
work, we examined a representative case study on
the game of 24.

We have four numbers: 1, 14, 16, and 25. We
provide DLM with prompt:

Here is a task for you: use these
numbers <<1,14,16,25>> to
obtain 24 through the basic
operation of (+- /). Each
number can only be used once
and must be used.

Please output the next possible
operation directly for only one

line, in the format of:
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Trip-planning GPQA ARC-C

Model (Proposer + Evaluator) Game-of-24
Llama3-8B + Llama3.3-70B 1923/ 1889
Mistral-7B + Llama3.3-70B 512173915
Deepseek-7B + Llama3.3-70B 1867 /2101

6203 /3422  18892/8329 6926/ 3283
6284 /3452  21605/8653 6682 /2786
5924 /3045  17301/6923 5373/2216

DT (LLADA-8B + Llama3.3-70B) 1681/ 1856
DT (Dream-7B + Llama3.3-70B) 1823 /1701

2000 /2451 14512 /5682 5199 /2091
858 /1513 11895/3460 5659 /1625

Table 5: Average Token Consumption per Task (Propose / Eval).

K 2 4 8 16 32 64
Accuracy 0.13  0.15 0.12 0.09 0.08 0.04

Table 6: Performance of Diffuse Thinking on Game-of-
24 with varying candidate number K.

Equation (remaining numbers)

DLM generates the following text:

'l16-1=15 (14,25,15)"', 'l6-1=15

(14,25,15) "', '1%25=25
(15,16,25) ', '16x6=15
(14,25,15)', '16-1=15
(14,25,15) ', '1x15=15
(25,14,15) "', '1%25=25
(25,14,25) ', '14+1=15
(16,25,15) ', '14+1=15
(16,25,15) ', '1+14=15
(16,25,15) "', '1%11=15
(14,25,15) ', '1+25=16
(25,16,25) ", '14+1=15
(25,16,15) ', '16+6=17
(14,25,17)', '20-1=19
(14,16,19) ', '16-1=15
(25,16,17) ', '1x15=15
(25,14,16) ', '16-1=15
(14,25,15) "', '16+1=17
(14,25,17) ', '1%25=16
(26,14,16)"

Then we label them and provide LLM with
prompt:

You must consider whether the
expression calculation in the
next thought proposal<<>>is
correct,

whether the number on the left side

of the equation is in the
remaining<<>>,

whether the number on the right
side of the equation is in the
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left<<>>, and

whether the number in the left<<>>

is only '24' left or more

likely to achieve 24 through

basic arithmetic operations (+-—
*/) .

Here are some candidate solutions

for the next step.Their serial

numbers are in [].[1]16-1=15
(14,25,15),[2]116-1=15
(14,25,15), [3]11%25=25
(15,16,25), [4]116*x6=15
(14,25,15), [5]16-1=15
(14,25,15), [6]11x15=15
(25,14,15), [7]11%25=25
(25,14,25), [8114+1=15
(16,25,15), [9]114+1=15
(16,25,15), [10]1+14=15
(16,25,15), [11]1%11=15
(14,25,15), [12]1+25=16
(25,16,25), [13]14+1=15
(25,16,15), [14]1l6+6=17
(14,25,17), [15]20-1=19
(14,16,19), [1l6]16-1=15
(25,16,17), [17]1x15=15
(25,14,16), [18]16-1=15
(14,25,15), [19]1l6+1=17
(14,25,17), [20]1%25=16
(26,14,16)

Please choose the best one and tell

me the serial number you have
chosen.OUTPUT FORMAT: 'Reasons
.. [serial number]'.

LLM responses:

After analyzing the given options,

The

I found that most of the
correct calculations are not
achieving the target of getting
closer to 24 or ensuring that
the numbers involved are or can
lead to 24 through basic
arithmetic operations.

correct calculations that lead
to correct results but do not

necessarily help achieve 24 or
are not the focus based on the
provided context are numerous.



Configuration (Proposer + Evaluator)

Game-of-24

Trip GPQA ARC-C

Llama3-8B + Qwen3-30B
DLM (LLADA-8B) + Qwen3-30B

0.10
0.12

0.09 0.36 0.78
0.15 0.38 0.85

Table 7: Performance comparison with Qwen3-30B as the evaluator.

However, to identify the best
candidate that fits the
criteria of correct calculation
and the potential to
contribute to reaching 24 or
being part of a sequence that
could, with further operations,

result in 24, I must consider
the arithmetic operations'
correctness and the numbers
involved.

Given the constraints and looking
at the patterns and potential
for leading to 24, I notice
that many of these equations
simply demonstrate arithmetic
operations without a clear
progression towards achieving
24. To select the best option,
I would look for operations
that either directly involve
numbers close to 24 or
demonstrate a path that could,
with additional operations,
lead to 24.

However, since most provided
equations do not directly aim
at achieving 24 or do not
specify the next steps in
calculations that would lead to

24, the choice seems to be
more about identifying correct
arithmetic rather than
progression towards a specific
goal.

Given this context and looking for
an option that seems plausible
or directly correct in its
arithmetic without the
additional context of how it
leads to 24 (since such context

is not provided in most
options), I would choose an
equation that is both correct
and involves numbers that could
potentially lead to
interesting further
calculations.

Considering the arithmetic
correctness and the involvement
of numbers that could be part
of further calculations leading
to 24 (though none directly
achieve this), I pick an option
that demonstrates a
straightforward and correct
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Reasons:

(8]

arithmetic operation.

The equation is simple,
the arithmetic is correct, and
it involves basic addition
which could be a starting point
for further operations.
However, given the constraint
and looking for the best
representation of arithmetic
that could lead to further
calculations, [8] stands out
for its simplicity and
correctness: 14+1=15, which is
a straightforward and correct
operation, even though it doesn
't directly aim for 24.

We obtain [8] 14+1=15 (16, 25, 15), and then
this process will continue to iterate until the prob-
lem is solved.



