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ABSTRACT

Diffusion language models have demonstrated impressive performance on plan-
ning tasks, but existing comparisons with autoregressive (AR) models typically
ignore substantial differences in inference compute—diffusion requires dozens of
denoising steps while AR generates tokens in a single forward pass. We pro-
pose a compute-matched evaluation protocol that calibrates AR best-of-k sam-
pling to match diffusion wall-clock time, isolating the effect of the generation
paradigm from computational budget. Evaluating Dream-7B (diffusion) against
Qwen2.5-7B (AR) on two planning tasks, we find the diffusion advantage is task-
dependent: on Countdown, compute-matched AR dominates by 32.5 percentage
points (39.1% vs 6.6%); on Mini Sudoku, diffusion retains a significant advan-
tage of 10.4 percentage points (77.6% vs 67.2%, 95% CI [+6.1, +14.6]). This pat-
tern suggests diffusion may provide genuine advantages for constraint-satisfaction
problems requiring global coherence, but not for sequential arithmetic reasoning
where sampling diversity suffices.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Diffusion language models have emerged as a promising alternative to autoregressive generation,
with recent work demonstrating impressive performance on planning and reasoning tasks. Models
such as Dream-7B (Ye et al., 2025) and LLaDA (Nie et al., 2025) report substantial advantages
over autoregressive baselines on constraint-satisfaction problems like Countdown and Sudoku, sug-
gesting that diffusion’s parallel token generation and iterative refinement may provide fundamental
benefits for tasks requiring global coherence.

However, existing comparisons typically evaluate diffusion models against single-sample autore-
gressive decoding, ignoring a critical asymmetry: diffusion inference requires dozens of full-model
forward passes (one per denoising step), while autoregressive greedy decoding uses only one for-
ward pass per token. This compute mismatch conflates the effect of the generation paradigm with
inference budget, potentially overstating diffusion’s advantages. When autoregressive models are
given equivalent compute through techniques like best-of-k sampling (Wang et al., 2022), their per-
formance may improve substantially on verifiable tasks where correct solutions can be automatically
identified.

We address this gap by proposing a compute-matched evaluation protocol that calibrates autoregres-
sive best-of-k sampling to match diffusion wall-clock time. On two procedurally generated planning
tasks—Countdown (sequential arithmetic) and Mini Sudoku (constraint satisfaction)—we compare
Dream-7B against its autoregressive initializer Qwen2.5-7B under three conditions: greedy decod-
ing, compute-matched best-of-k, and diffusion generation.

Our experiments reveal a nuanced picture: the diffusion planning advantage is task-dependent. On
Countdown, compute-matched autoregressive sampling dramatically outperforms diffusion by 32.5
percentage points (39.1% vs 6.6%), demonstrating that the apparent parity under greedy decod-
ing masks a substantial autoregressive advantage. On Mini Sudoku, diffusion retains a significant

1https://gitlab.com/fars-a/compute-matched-diffusion-planning-audit
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10.4 percentage point advantage (77.6% vs 67.2%, 95% CI [+6.1pp, +14.6pp]), suggesting genuine
benefits for constraint-satisfaction problems.

Our contributions are:

• A compute-matched evaluation protocol using wall-clock calibrated best-of-k sampling for
fair comparison between diffusion and autoregressive language models.

• Empirical evidence that diffusion’s planning advantage is task-specific: absent on sequen-
tial arithmetic (Countdown) but significant on constraint satisfaction (Mini Sudoku).

• Analysis suggesting diffusion may excel at tasks requiring global coherence across simulta-
neous constraints, while autoregressive models with sufficient sampling dominate on tasks
with sequential structure.

2 RELATED WORK

Diffusion Language Models. Discrete diffusion models have emerged as a promising alternative
to autoregressive generation for language modeling. LLaDA (Nie et al., 2025) demonstrated that dif-
fusion models trained from scratch can achieve competitive performance with autoregressive models
on standard benchmarks while addressing limitations such as the reversal curse. Dream-7B (Ye et al.,
2025) scaled diffusion language models to 7B parameters and reported superior planning abilities
on tasks like Countdown and Sudoku, attributing these gains to diffusion’s parallel token generation.
Ye et al. (2024) introduced multi-granularity diffusion modeling and showed that diffusion models
can outperform autoregressive approaches on complex reasoning tasks by better learning difficult
subgoals. These works consistently compare diffusion models against greedy autoregressive decod-
ing, leaving open the question of whether the observed advantages persist under compute-matched
conditions.

Planning and Reasoning with LLMs. Chain-of-thought prompting (Wei et al., 2022) demon-
strated that eliciting intermediate reasoning steps substantially improves language model perfor-
mance on complex tasks. Tree of Thoughts (Yao et al., 2023) extended this approach by enabling
exploration over multiple reasoning paths with lookahead and backtracking, achieving strong results
on planning tasks like Game of 24. Self-consistency (Wang et al., 2022) showed that sampling di-
verse reasoning paths and selecting the most consistent answer yields significant gains over greedy
decoding, with improvements of up to 17.9% on arithmetic reasoning benchmarks. These inference-
time techniques demonstrate that autoregressive models can substantially improve through increased
compute, motivating our compute-matched evaluation framework.

Inference-Time Scaling. Recent work has systematically studied the trade-off between inference
compute and performance. Parashar et al. (2025) benchmarked inference-time techniques across
diverse reasoning tasks and found that no single approach consistently dominates, highlighting the
importance of task-specific evaluation. For diffusion models, Wang et al. (2025) introduced remask-
ing strategies that enable inference-time scaling by increasing sampling steps, demonstrating that
diffusion models can also benefit from additional compute. Our work bridges these lines of research
by directly comparing how diffusion and autoregressive models scale with inference compute on
planning tasks.

3 METHOD

3.1 PROBLEM SETUP

We evaluate planning capabilities on two procedurally generated tasks from Reasoning Gym (Sto-
janovski et al., 2025), each testing distinct aspects of constraint satisfaction.

Countdown. Given a target number and a multiset of input numbers, the task requires construct-
ing an arithmetic expression using each input number exactly once to reach the target. This task
emphasizes sequential arithmetic reasoning, where each operation must be planned in the context of
remaining numbers and the distance to the target. The computational complexity of Countdown has
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been formally analyzed by Katz et al. (2025), who show that even seemingly simple instances can
be NP-hard.

Mini Sudoku. A 4×4 grid must be filled such that each row, column, and 2×2 subgrid contains
the digits 1–4 exactly once. Unlike Countdown’s sequential nature, Sudoku requires satisfying mul-
tiple simultaneous constraints, making it a canonical constraint-satisfaction problem where global
coherence across the grid is essential.

These tasks are complementary: Countdown tests whether a model can chain arithmetic operations
toward a goal, while Sudoku tests whether a model can maintain consistency across interdependent
constraints. Both tasks are fully verifiable, enabling automatic evaluation of candidate solutions.

3.2 EVALUATION PROTOCOL

We compare three inference conditions to isolate the effect of the generation paradigm from infer-
ence compute:

Condition A: AR Greedy. Qwen2.5-7B (Yang et al., 2024) generates a single response using
greedy decoding (temperature 0). This serves as the lower bound for autoregressive performance.

Condition B: AR Best-of-k. Qwen2.5-7B generates k independent samples, and the instance is
marked correct if any sample passes the verifier. The value of k is calibrated to match the wall-clock
time of diffusion generation (see below).

Condition C: Diffusion. Dream-7B (Ye et al., 2025) generates a single response using its recom-
mended diffusion settings (64 denoising steps, entropy-based decoding with temperature 0).

3.3 COMPUTE MATCHING

To ensure fair comparison, we calibrate k based on wall-clock time rather than theoretical FLOPs,
as diffusion and autoregressive models have fundamentally different computational profiles. We
measure median generation time per instance on a held-out calibration set (50 instances per task)
and compute k = ⌊tdiffusion/tAR⌋.

On our hardware (A100-80GB), Dream-7B requires approximately 48–56 seconds per instance (64
diffusion steps), while Qwen2.5-7B requires approximately 1.4 seconds per instance for greedy
decoding. This yields k = 35 for Countdown and k = 39 for Mini Sudoku, meaning the AR model
can generate 35–39 independent samples in the time diffusion generates one.

Figure 1 illustrates the evaluation protocol. By controlling for inference compute, we can attribute
performance differences to the generation paradigm rather than computational budget.

3.4 MODELS AND IMPLEMENTATION

We compare Dream-7B (Ye et al., 2025), a 7.6B-parameter diffusion language model initialized
from Qwen2.5-7B, against its autoregressive initializer Qwen2.5-7B (Yang et al., 2024). Both mod-
els share the same architecture and parameter count, differing only in their generation paradigm.
Dream uses discrete diffusion with iterative denoising, while Qwen uses standard left-to-right au-
toregressive generation. All experiments use 8-shot prompting with examples generated from the
same procedural generator (different seed than evaluation) to minimize prompt confounds.

4 EXPERIMENTS

4.1 SETUP

We generate 500 test instances per task using Reasoning Gym (Stojanovski et al., 2025) with fixed
random seeds for reproducibility. An additional 50 calibration instances per task (disjoint seeds) are
used for timing measurements. All experiments run on a single NVIDIA A100-80GB GPU.
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Figure 1: Compute-matched evaluation protocol comparing diffusion and autoregressive language
models on planning tasks. Three conditions are evaluated: (A) AR greedy decoding as lower bound,
(B) AR best-of-k sampling with k calibrated to match diffusion wall-clock time, and (C) diffusion
generation. The protocol isolates the effect of the generation paradigm by controlling for inference
compute.

Table 1: Compute-matched comparison of diffusion vs autoregressive language models on planning
tasks. Best results per task in bold. ∆ shows difference from Dream (positive = AR better). The
compute-matched AR best-of-k uses k calibrated to match Dream’s wall-clock time per instance.

Method Countdown (%) ∆ vs Dream Mini Sudoku (%) ∆ vs Dream
Qwen2.5-7B Greedy 6.0 −0.6 16.8 −60.8
Qwen2.5-7B Best-of-k 39.1±1.4 (k=35) +32.5 67.2±0.4 (k=39) −10.4
Dream-7B Diffusion 6.6 — 77.6 —

For Qwen2.5-7B, we use vLLM with bfloat16 precision. Greedy decoding uses temperature 0, while
best-of-k sampling uses temperature 1.2 and top-p 0.95 to encourage diverse samples. For Dream-
7B, we use the recommended diffusion settings: entropy-based decoding with 64 denoising steps
and temperature 0. Both models use identical 8-shot prompts with examples generated from the
same procedural generator (seed 7777).

Evaluation uses Reasoning Gym’s built-in verifiers, which check exact correctness: for Countdown,
the expression must use exactly the provided numbers and evaluate to the target; for Sudoku, the
completed grid must satisfy all row, column, and subgrid constraints. We report accuracy as the
fraction of instances with at least one correct solution (for best-of-k, an instance is correct if any of
the k samples passes the verifier). For best-of-k, we run three seeds (42, 123, 456) and report mean
± standard deviation.

4.2 MAIN RESULTS

Table 1 presents the compute-matched comparison across all three conditions. The results reveal a
striking task-dependent pattern in diffusion’s planning advantage.

On Countdown, compute-matched AR best-of-k achieves 39.1% accuracy, dramatically outperform-
ing both greedy AR (6.0%) and Dream diffusion (6.6%) by over 32 percentage points. This demon-
strates that the apparent parity between greedy AR and diffusion on Countdown masks a substantial
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Figure 2: Accuracy scaling with number of samples (k) for Qwen2.5-7B best-of-k on Countdown
(left) and Mini Sudoku (right). Horizontal dashed lines show Dream-7B accuracy. On Countdown,
AR surpasses Dream at k=4; on Sudoku, the crossover would require k≈87 (beyond the compute-
matched budget of k=39).

AR advantage when given equivalent compute budget. The diffusion model shows no meaningful
improvement over greedy AR on this sequential arithmetic task.

On Mini Sudoku, the pattern reverses. While AR best-of-k (67.2%) substantially improves over
greedy (16.8%), Dream diffusion (77.6%) retains a statistically significant advantage of 10.4 per-
centage points. Bootstrap confidence intervals confirm this gap is robust (95% CI: [+6.1pp,
+14.6pp]). Notably, AR best-of-k closes approximately 83% of the gap between greedy AR and
diffusion, but cannot fully match diffusion performance within the compute budget.

4.3 SCALING ANALYSIS

To understand how AR performance scales with inference compute, we analyze accuracy as a func-
tion of the number of samples k. Figure 2 shows the scaling curves for both tasks.

On Countdown, AR scaling is remarkably efficient: Qwen surpasses Dream’s 6.6% accuracy at just
k=4 samples, using only 11% of the compute-matched budget. The curve shows no saturation, with
accuracy continuing to climb steeply through k=35. This suggests that for sequential arithmetic
tasks, sampling diversity provides substantial benefits that diffusion’s parallel generation cannot
match.

On Mini Sudoku, AR scaling follows a different trajectory. While accuracy improves steadily from
7.3% (k=1) to 67.2% (k=39), the curve shows diminishing returns and does not reach Dream’s
77.6%. Log-linear extrapolation estimates that matching Dream would require approximately k≈87
samples, representing 2.2× the compute-matched budget. This confirms that diffusion provides
a genuine efficiency advantage on constraint-satisfaction tasks, though the gap is one of compute
efficiency rather than fundamental capability.

4.4 ROBUSTNESS ANALYSIS

Our compute-matching methodology relies on wall-clock timing measurements. To verify robust-
ness, we compare results using two timing estimators: median (primary) and 75th percentile (con-
servative). Table 2 shows that both estimators yield identical qualitative conclusions.

For Countdown, the p75 estimator yields k=34 versus k=35 for median, resulting in a negligible
0.2 percentage point accuracy difference. For Mini Sudoku, both estimators yield identical k=39.
In both cases, the direction and magnitude of the diffusion advantage (or lack thereof) remain un-
changed, confirming that our findings are robust to reasonable variations in the compute-matching
methodology.
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Table 2: Robustness of compute-matching to wall-clock time estimator. Both median and p75 timing
yield the same qualitative conclusions.

Timing Estimator Countdown k Countdown Acc (%) Sudoku k Sudoku Acc (%)
Median 35 39.1±1.4 39 67.2±0.4
P75 (conservative) 34 38.9±1.4 39 67.2±0.4

4.5 DISCUSSION

The task-dependent pattern in our results suggests that diffusion’s advantages may be specific to cer-
tain problem structures. We hypothesize that the key distinction lies in the nature of the constraints
each task imposes.

Countdown requires sequential arithmetic reasoning: each operation must be planned considering
the remaining numbers and distance to the target. This sequential structure aligns well with autore-
gressive generation, where each token can condition on all previous decisions. The task’s solution
space is also highly diverse—many different arithmetic expressions can reach the same target—
making sampling-based exploration particularly effective.

Mini Sudoku, in contrast, requires satisfying multiple simultaneous constraints across rows,
columns, and subgrids. Diffusion’s parallel token generation may provide advantages here by allow-
ing the model to iteratively refine all positions while maintaining global consistency. The constraint-
satisfaction structure means that local decisions have non-local consequences, potentially favoring
diffusion’s bidirectional attention and iterative refinement over autoregressive left-to-right genera-
tion.

This interpretation aligns with prior work suggesting diffusion excels at tasks requiring global co-
herence (Ye et al., 2024), while autoregressive models with sufficient sampling can match or exceed
diffusion on tasks with more sequential structure. Our results provide quantitative evidence for this
distinction under controlled compute conditions.

5 CONCLUSION

We introduced a compute-matched evaluation protocol for comparing diffusion and autoregressive
language models on planning tasks. Our experiments reveal that diffusion’s planning advantage
is task-dependent: Dream-7B loses to compute-matched Qwen2.5-7B by 32.5 percentage points
on Countdown but retains a significant 10.4 percentage point advantage on Mini Sudoku. These
findings suggest that diffusion may provide genuine benefits for constraint-satisfaction problems
requiring global coherence, while autoregressive models with sufficient sampling can dominate on
sequential reasoning tasks. Future work should extend this analysis to additional planning domains
and investigate the mechanisms underlying task-specific advantages.
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