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ABSTRACT

Diffusion Large Language Models (dLLMs) have shown great potential in
language modeling, yet enhancing their capacity for complex reasoning remains a
critical challenge. For autoregressive language models, this is typically addressed
by guiding the reasoning process step by step using Process Reward Models
(PRMs), which necessitate dense annotation for intermediate steps. However,
this approach cannot be applied to dLLMs, since their intermediate generations
are partially masked, non-sequential states rather than complete prefixes. Here
we propose Reward-Free Guidance (RFG), a training-free framework that guides
the reasoning trajectory of dLLMs without explicit process reward models. We
provide theoretical justification that a process reward for partially masked states
can be parameterized by the log-likelihood ratio of a policy and a reference
model, which can be instantiated with off-the-shelf dLLM checkpoints without
additional training. Extensive experiments demonstrate that RFG consistently
outperforms various state-of-the-art post-trained dLLM baselines, achieving
absolute accuracy gains of up to 9.2%.

1 INTRODUCTION

Diffusion Large Language Models (dLLMs) have recently achieved remarkable progress in lan-
guage modeling (Sohl-Dickstein et al., 2015; Austin et al., 2021a; Campbell et al., 2022; Meng et al.,
2022; Lou et al., 2024; Sahoo et al., 2024; Shi et al., 2024; Xu et al., 2025). By scaling up mask-
predict pretraining via bidirectional modeling, dLLMs have demonstrated competitive capabilities
across diverse domains, from mathematical reasoning and planning (Gong et al., 2023; Zhao et al.,
2025) to expert coding (Gong et al., 2025b). With unique advantages such as bidirectional context
modeling and parallel decoding, dLLMs now rival or even surpass autoregressive (AR) baselines in
specific settings (Prabhudesai et al., 2025). Despite this progress, current dLLM research primarily
focus on resource-intensive pre-training or domain-specific post-training, with limited exploration
of test-time scaling. Test-time scaling aims to design algorithms that effectively utilize additional
inference compute to improve accuracy while circumventing expensive post-training (Lightman
et al., 2023; Wang et al., 2023; Snell et al., 2024). In the AR LLM landscape, scaling test-time
compute has proven essential for solving complex reasoning tasks (Brown et al., 2024; Muennighoff
et al., 2025), enabling significant performance gain without the need for expensive supervised
fine-tuning or reinforcement learning (RL). Consequently, developing effective methods to unlock
similar test-time scaling capabilities for dLLMs remains a critical yet underexplored direction.

Standard approaches for test-time scaling in AR LLMs typically rely on an auxiliary reward model
to guide the search process. While initial attempts utilized Outcome Reward Models (ORMs) for
coarse-grained feedback on the whole generation (e.g., Best-of-N sampling (Cobbe et al., 2021;
Lightman et al., 2023)), recent approaches have shifted toward fine-grained Process Reward Models
(PRMs). PRMs assign scores to intermediate reasoning steps, enabling search algorithms to prune
incorrect paths early (Wang et al., 2023; Lu et al., 2024). However, transferring this success
to dLLMs is non-trivial. While the community has explored naive solutions analogous to the
Best-of-N approach (Wang et al., 2025a; Singhal et al., 2025; Dang et al., 2025), it is challenging
to directly adapt PRMs to dLLMs to guide the denoising process step by step. AR LLMs generates
complete prefixes in a sequential manner which standard PRMs are designed to evaluate. In
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Figure 1: RFG consistently enhances performance over the original post-trained baseline across
diverse benchmarks and model architectures. Results are averaged across different generation se-
quence lengths.

contrast, dLLM generation produces intermediate states comprised of partially masked sentences
which are unintelligible to standard PRMs. Training a specialized PRM for these masked sentences
would require collecting prohibitive amounts of dense, step-wise annotations on the masked data.
This structural incompatibility highlights the need for a reward formulation native to the any-order
generation nature of dLLMs.

Here we bridge this gap by proposing Reward-Free Guidance (RFG), a principled framework
for guiding dLLM reasoning without training reward models on dense annotations. 1 We view
test-time scaling for dLLMs as a guided sampling problem, where guidance steers each denoising
step toward accurate reasoning traces. Our key insight is that the reward of a complete trajectory
can be parameterized as the log-likelihood ratio between an aligned policy model and a reference
base model, effectively measuring how much the aligned model prefers the trajectory over the base
model. Such reparameterization has been widely adopted in various RL and preference optimization
literature. We theoretically demonstrate that this trajectory-level reward can be decomposed into an
implicit step-wise process reward (c.f., Proposition 3.1), which takes the form of a log-likelihood
ratio calculated on partially masked states. We thereby obtain an implicit process reward without
training an explicit PRM. We then sample from a distribution reweighted by this implicit process
reward, using a formulation (c.f., Equation 3) inspired by the well-studied Classifier-Free Guidance
(CFG) (Ho & Salimans, 2022). Furthermore, we highlight that RFG is general and the implicit
PRM can be instantiated using any off-the-shelf dLLM post-training methods without reliance on
specific training objectives.

We validate RFG on challenging benchmarks spanning mathematical reasoning (GSM8K, MATH-
500) and code generation (HumanEval, MBPP). RFG consistently yields significant gains over
diverse post-trained baselines from state-of-the-art dLLM architectures including LLaDA (Nie
et al., 2025b) and Dream (Ye et al., 2025), as shown in Figure 1. Crucially, RFG also outperforms
compute-matched ensemble baselines, confirming that the improvements stem from our principled
framework rather than merely increased compute. These results establish RFG as a robust,
training-free framework for scaling test-time reasoning in non-autoregressive dLLMs.

2 PRELIMINARIES

Discrete Diffusion Models. Diffusion models (Sohl-Dickstein et al., 2015; Ho et al., 2020; Song
et al., 2020) are a class of generative models that learn a data distribution by reversing a progressive
noising process. Originally developed for continuous data like images, the forward process gradually
perturbs a clean sample into increasingly noisy states, eventually transforming it into pure noise. A
neural network is then trained to reverse this process. Adapting this paradigm to discrete data such
as text is non-trivial, as adding small amounts of Gaussian noise is not well-defined for discrete
tokens. This led to the development of discrete diffusion models (Austin et al., 2021a), which
define the forward process using a Markov chain that gradually randomizes discrete tokens, often
converging to a uniform distribution. An effective and intuitive case of discrete diffusion is the
masked diffusion model (Campbell et al., 2022; Lou et al., 2024; Shi et al., 2024; Sahoo et al., 2024).
In this framework, the ”noise” is a special [MASK] token. The forward process progressively masks

1We term our method ”Reward-Free” following the convention of Classifier-Free Guidance (CFG). Just
as CFG eliminates the need for an explicit classifier by deriving implicit gradients from the model itself, RFG
eliminates the need for an explicit, separately trained reward model by deriving implicit rewards from the policy
and reference models.
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tokens in the input sequence until the entire sequence is masked. The reverse process then learns to
predict the original tokens given a partially masked sequence. This formulation naturally leverages
architectures and training objectives similar to masked language modeling (MLM) (Devlin et al.,
2019), while inheriting the iterative refinement of diffusion.

Diffusion Large Language Models. Diffusion large language models (dLLMs) (Nie et al., 2025b;
Ye et al., 2025; Inception Labs et al., 2025; DeepMind, 2025) scale masked diffusion models to large
corpora and long reasoning sequences, serving as an alternative to autoregressive (AR) language
models. The forward process of a dLLM takes the original sequence x0 as input and progressively
masks it following the distribution

q(xt|x0) =

L∏
i=0

q(x
(i)
t |x

(i)
0 ), q(x

(i)
t |x

(i)
0 ) =

{
1− αt, x

(i)
t = [MASK]

αt, x
(i)
t = x

(i)
0

where t ∈ [0, 1] is the timestep, L is the sequence length, and αt denotes a noise schedule that
decreases monotonically with t, satisfying α0 = 1 and α1 = 0. At timestep t, the ratio of masked
token is 1− αt. A key property of dLLMs is that token prediction is not tied to a fixed left-to-right
ordering. At each reverse step, the model can unmask any subset of masked positions conditioned
on the visible context, enabling any-order generation in contrast to the strictly sequential nature of
AR LLMs. Any-order generation reduces exposure bias, allows parallelized inference, and supports
iterative refinement, making dLLMs well-suited for reasoning tasks that benefit from revisiting or
correcting intermediate states. The detailed formulation of dLLMs is provided in Appendix B.

3 REWARD FREE GUIDANCE (RFG)

In this section, we elaborate on the details of our proposed RFG framework. We show how the
reward for the denoising trajectory can be parameterized as the log-density ratio of two dLLMs,
and then how an implicit PRM for each denoising step can be freely derived from the trajectory-
level reward without additional training. Existing PRMs in AR LLM literature typically require
fine-grained step labels, and then the PRM is trained to predict the quality of partially generated
responses (Lightman et al., 2023; Wang et al., 2023; Lu et al., 2024). However, such labels are
expensive to collect, and even impossible in the context of dLLMs since the intermediate generations
are typically partial sentences with tokens masked in random positions.

To this end, we propose to obtain a trajectory-level reward with reparameterization, and then freely
derive an implicit PRM for each denoising step by decomposing the trajectory-level reward. For-
mally, we have the following theoretical justification:

Proposition 3.1. Given a diffusion trajectory-level reward that is parameterized as the log-
likelihood ratio of two dLLMs, i.e., rθ(x0:T ) := β log pθ(x0:T )

pref(x0:T ) . Define Qt
θ(xt−1,xt:T ) :=∑T

i=t β log pθ(xi−1|xi:T )
pref(xi−1|xi:T ) , then we have that Qt

θ is the expectation of exponential rθ at step t:

Qt
θ(xt−1,xt:T ) = β logEpref(x0:T |xt−1:T )e

1
β rθ(x0:T ), (1)

where β is a hyperparameter for weighting the reward function.

The full proof of the proposition is provided in Appendix A. The theoretical justification indicates
that when parameterizing rθ(x0:T ) as the log-likelihood ratio, Qt

θ can be viewed as Q function
representing the expectation of the overall trajectory reward rθ(x0:T ) at step t. Following the classic
setup in RL literature, the step reward rtθ can be written as:

rtθ(xt−1|xt) = Qt
θ −Qt+1

θ = β log
pθ(xt−1|xt:T )

pref(xt−1|xt:T )
= β log

pθ(xt−1|xt)

pref(xt−1|xt)
. (2)

Notably, with such PRMs, we can then conduct reward-guided sampling from dLLMs by reweighted
denoising transitions, where the log probability can be written as:

log p∗(xt−1|xt) = log pθ(xt−1|xt)e
1
γ rtθ(xt−1|xt) + C

= (1 + w) log pθ(xt−1|xt)− w log pref(xt−1|xt) + C,
(3)
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Policy Model                        Reference Model                                     RFG

1 + 𝑤𝑤 · − 𝑤𝑤 ·

Compute modulo 7: 2 + 6 ≡ 1 (mod 7)Compute modulo 7: 2 + 6 ≡ 0 (mod 7)
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moduloCompute 7 : 2 + 6 ≡ [Mask] (mod 7)

𝑥𝑥1 𝑥𝑥2 𝑥𝑥1 𝑥𝑥2

Figure 2: Illustration of RFG sampling. By linearly combining logits from the policy and refer-
ence models at each denoising step, RFG steers the generation trajectory toward accurate reasoning
traces, resulting in improved performance without external reward models.

where w = β
γ is a new hyperparameter to control the guidance strength and C is a normalizing

constant. Trivially, setting w = −1 or w = 0 can recover the exact sampling of original pref or
pθ, respectively, with w > 0 acting an over-emphasizing behavior of pθ. Such formulation provides
a vital insight: by simply parameterizing a reward model on the whole diffusion sampling trajec-
tory, we can freely obtain PRMs for each denoising step without any additional training. In the
later paragraphs, we will discuss the connections between our RFG framework and other diffusion
sampling guidance methods, and provide explanations on how we can obtain the trajectory reward
model using any off-the-shelf RL or instruction-tuned checkpoints.

Connections to diffusion guidance method. A widely adopted technique for guiding diffusion
sampling is classifier-free guidance (CFG) (Ho & Salimans, 2022), which pushes samples towards
high class-confidence regions by reweighted denoising steps. In this section, we revisit our proposed
RFG from the CFG perspective, and provide a holistic view of their connections.

Generally, CFG guidance in diffusion models involves two diffusion models punconditional(x; c) and
pconditional(x). In the original CFG in Gaussian diffusion, the guidance is achieved by extrapolating
between the scores of two denoising models with a weight w:

∇x log p
∗(x|c) = ∇x log pconditional(x|c) + w∇x log

pconditional(x|c)
punconditional(x)

.

The effect of such guidance is standard sampling from pconditional plus a drifting term to shift the
sampling direction (for w > 0) towards the ratio of pconditional and punconditional. This ratio comes from
the Bayesian rule that:

p∗(x|c) ∝ pconditional(x|c) · p(c|x)w, where p(c|x) ∝ pconditional(x|c)
punconditional(x)

.

The key idea of CFG is to reparameterize a hypothetical classifier as the likelihood ratio of con-
ditional and unconditional diffusion models, which encourages the model to draw samples from
density pconditional over punconditional. From this perspective, there comes a clear connection between
RFG and CFG: CFG guides the sampling with classifier p(c|x) reparameterized as pconditional(x|c)

punconditional(x)
,

while RFG reweights the sampling with the reward r(x) that is reparameterized as pθ(x)
pref(x)

.

Implementation of rθ. We emphasize that Proposition 3.1 is general and agnostic to any train-
ing method of the reward model. Specifically, by off-the-shelf dLLMs fine-tuned with RL and
preference optimization methods, we have the conclusion that the optimal policy will converge to
pθ(x) = pref(x)e

1
β r(x) after the training (Peters & Schaal, 2007). Directly rearranging the con-

verged policy, we have that rθ (x) = β log pθ(x)
pref(x)

, which has already met our needs in guided sam-
pling. Therefore, in practice, we can take any pair of a pretrained dLLM as the reference pref and
a post-trained one via RL on certain tasks as the policy pθ, and conduct guided sampling via RFG
framework. Interestingly, from an empirical perspective, we also observe that even without explicit
RL, taking an instruction fine-tuned model as pθ can also offer significant performance gain, show-
ing the generalization of RFG beyond our theoretical form.

4
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Algorithm 1 Sampling with Reward-Free Guidance (RFG)
Require: Reference model pref, policy model pθ, guidance strength w, query q, answer length L,

sampling steps N , denoising strategy S
1: Initialize xN ← [MASK]L ▷ Start with a fully masked sequence of length L
2: for t← N down to 1 do
3: log πref ← Logits(pref(·|xt, q)) ▷ Get logits from reference model
4: log πθ ← Logits(pθ(·|xt, q)) ▷ Get logits from enhanced model
5: log πRFG ← (1 + w) log πθ − w log πref ▷ Combine logits via RFG
6: xt−1 ← S(xt, log πRFG, t/N) ▷ Generate the next state using the guided logits
7: end for
8: return x0

Sampling with RFG. The practical implementation of RFG sampling involves a straightforward
modification of the standard dLLM sampling loop at test time (Figure 2). The core idea is to com-
bine the logits from the policy and the reference model using the guidance strength w towards the
guided logit distribution (Algorithm 1). This guided distribution is then used to determine the next
denoised state xt−1. The denoising strategy S is a generic function representing two key schedules
in the dLLM denoising process. First, it determines the unmask schedule, deciding which and how
many [MASK] tokens in xt to recover based on the current timestep t and the logits for all masked
positions. Second, for the chosen positions, it selects the new tokens based on a chosen decoding
strategy (e.g., greedy sampling, nucleus sampling) applied to the logits at the chosen position. This
modularity allows RFG to be combined with any underlying dLLM sampling implementation.

Our framework is fully model-agnostic and training-free. In practice, pθ can be instantiated by any
off-the-shelf post-trained model. By employing RFG at test time, we can significantly improve
performance over the policy model itself without any additional training. Furthermore, researchers
can train their own specialized post-trained models and still apply RFG as a final, test-time step to
further boost performance, demonstrating the flexibility and broad applicability of our approach.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Tasks. We evaluate our method on four challenging reasoning benchmarks spanning mathemat-
ical reasoning and code generation. For mathematical reasoning, we use GSM8K (Cobbe et al.,
2021), a benchmark of grade-school arithmetic word problems that requires multi-step symbolic
reasoning, and MATH-500 (Hendrycks et al., 2021; Lightman et al., 2023), a curated set of chal-
lenging competition-level mathematics problems. For code generation, we use HumanEval (Chen
et al., 2021), which contains handwritten Python programming problems described in docstrings,
and the MBPP (Austin et al., 2021b) (sanitized), consisting of everyday Python tasks with natural
language prompts and associated unit tests.

Models. We leverage two state-of-the-art families of dLLMs: LLaDA (Nie et al., 2025b) and
Dream (Ye et al., 2025). We use LLaDA-Base and Dream-Base as the reference model, respec-
tively. For each family, we use two categories of post-trained models as the policy model: in-
struction fine-tuned and RL–enhanced. For instruction fine-tuned models, we employ LLaDA-
Instruct and Dream-Instruct. For RL-enhanced models, we include d1-LLaDA (Zhao et al.,
2025), which applies GRPO (Shao et al., 2024) to enhance LLaDA on mathematical and logical
tasks; LLaDA-1.5 (Zhu et al., 2025), which introduces VRPO techniques to reduce variance when
applying DPO (Rafailov et al., 2023) to LLaDA; and diffuCoder (Gong et al., 2025b), which builds
on the Dream backbone and leverages coupled GRPO for code generation tasks.

Baselines. We compare RFG against two sets of baselines to rigorously evaluate its effective-
ness. (1) Original Post-Trained Model, which directly apply the original post-trained model for
inference. (2) Naive Ensemble, which computes the final logits by taking the average of logits of
both post-trained (policy) and base (reference) models at each step. This baseline operates under an
identical compute budget to RFG, serving as a controlled ablation. Note: We don’t include base-
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Table 1: Performance on GSM8K across different sequence lengths. Best in bold. Gain over the
original post-trained model in green.

Seq Len = 128 Seq Len = 256 Seq Len = 512
Model Original Ensemble RFG Gain Original Ensemble RFG Gain Original Ensemble RFG Gain

Instruction Fine-tuning
LLaDA 8B Instruct 76.3 39.3 77.2 +0.9 79.8 68.0 81.3 +1.5 84.1 80.1 84.7 +0.6
Dream 7B Instruct 67.9 27.7 74.2 +6.3 80.9 68.3 82.1 +1.2 84.8 84.0 85.1 +0.3

Reinforcement Learning
d1-LLaDA 79.3 42.4 79.8 +0.5 82.5 68.5 84.7 +2.2 82.8 80.1 84.7 +1.9
LLaDA 1.5 76.3 45.3 78.0 +1.7 81.6 70.9 82.1 +0.5 84.7 80.5 85.4 +0.7

Table 2: Performance on MATH-500 across different sequence lengths. Best in bold. Gain over the
original post-trained model in green.

Seq Len = 128 Seq Len = 256 Seq Len = 512
Model Original Ensemble RFG Gain Original Ensemble RFG Gain Original Ensemble RFG Gain

Instruction Fine tuning
LLaDA 8B Instruct 32.4 22.8 34.2 +1.8 38.4 33.6 39.6 +1.2 42.6 37.6 43.6 +1.0
Dream 7B Instruct 32.2 11.6 33.2 +1.0 43.6 30.6 46.4 +2.8 50.4 51.2 52.6 +2.2

Reinforcement Learning
d1 LLaDA 34.0 25.2 37.4 +3.4 38.8 34.8 41.6 +2.8 41.6 38.8 45.4 +3.8
LLaDA 1.5 32.0 23.0 34.0 +2.0 38.6 34.2 39.6 +1.0 42.0 40.2 44.0 +2.0

Table 3: Performance on HumanEval across different sequence lengths. Best in bold. Gain over the
original post-trained model in green.

Seq Len = 128 Seq Len = 256 Seq Len = 512
Model Original Ensemble RFG Gain Original Ensemble RFG Gain Original Ensemble RFG Gain

Instruction Fine tuning
LLaDA 8B Instruct 32.3 18.3 33.5 +1.2 39.6 37.2 40.9 +1.3 45.1 40.9 47.6 +2.5
Dream 7B Instruct 52.4 48.2 60.4 +8.0 61.0 59.1 66.5 +5.5 62.2 58.5 65.2 +3.0

Reinforcement Learning
diffuCoder 70.1 64.6 73.8 +3.7 69.5 72.6 76.2 +6.7 69.5 73.2 78.7 +9.2

Table 4: Performance on MBPP across different sequence lengths. Best in bold. Gain over the
original post-trained model in green.

Seq Len = 128 Seq Len = 256 Seq Len = 512
Model Original Ensemble RFG Gain Original Ensemble RFG Gain Original Ensemble RFG Gain

Instruction Fine tuning
LLaDA 8B Instruct 51.0 52.5 54.1 +3.1 54.9 51.4 55.6 +0.7 49.8 49.8 52.9 +3.1
Dream 7B Instruct 65.0 65.8 68.1 +3.1 64.2 67.3 68.5 +4.3 64.6 69.6 70.4 +5.8

Reinforcement Learning
diffuCoder 72.4 70.0 73.9 +1.5 72.4 72.8 73.5 +1.1 72.8 70.8 74.3 +1.5

lines using ORMs like Best-of-N (BoN) as a compute-matched comparison (N = 2) lacks sufficient
coverage. Furthermore, state-of-the-art dLLMs require near-zero sampling temperatures for opti-
mal performance, which collapses generation diversity. Under these conditions, BoN yields results
effectively identical to the original post-trained model.

Evaluation. For all benchmarks, we evaluate models under a zero-shot setting to assess their in-
trinsic reasoning capabilities without task-specific examples. We report accuracy for math reasoning
tasks and pass@1 for code generation tasks. All results are reported on the official test sets of each
benchmark. We use official checkpoints for all models whenever publicly available; for d1-LLaDA,
whose checkpoint has not yet been released, we reproduce the model with the official source code.
To ensure a fair comparison, all baselines are implemented and evaluated under the identical infer-
ence setting with the same hyperparameters. Additional implementation details and hyperparameters
are provided in Appendix C.

4.2 MAIN RESULTS

We evaluate RFG on four benchmarks across different generation sequence length. Results are
presented in Table 1, Table 2, Table 3, and Table 4. For every post-trained model variant, RFG con-
sistently outperforms the original model across all tasks and sequence lengths. This demonstrates
that RFG is highly effective at guiding the generation process towards more accurate and logically
sound reasoning traces. Moreover, RFG yields significant gains over the naive ensemble baseline,

6



324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

Under review as a conference paper at ICLR 2026

which operates under an identical compute budget. This confirms that the performance improve-
ments comes from our principled formulation rather than merely from incorporating the reference
model’s parameters or more compute.

4.3 ANALYSIS AND DISCUSSION

Qualitative Analysis. We present qualitative examples from all models on every benchmark to
illustrate how RFG improves reasoning quality in Figure 3, Figure 4 and Appendix D. On math-
ematical reasoning tasks, RFG produces more coherent multi-step derivations and avoids halluci-
nation or inconsistent conclusions. On code generation tasks, RFG generates code that is not only
syntactically correct but also more robust, reducing common errors such as missing edge conditions
or incomplete logic. This qualitative case study corroborates our quantitative findings, illustrating
how RFG effectively corrects and refines the reasoning trajectory during inference.

Query (GSM8K)

Christina is planning a birthday party and needs .75 gift bags per invited guest, because 1/4 of attendees don’t show up. She invited
16 friends. Gift bags are $2 each. How much will she spend?

Original (LLaDA 1.5)

To determine how much Christina will spend on gift bags,
we need to follow these steps:
1. Calculate the number of friends who don’t show up. 2.
Determine the number of gift bags needed. 3. Calculate
the total cost of the gift bags.
First, let’s find out how many friends don’t show up.
Christina invited 16 friends, and 1/4 of them don’t show
up:

1

4
× 16 = 4

So, 4 friends don’t show up.
Next, we calculate the number of friends who actually
show up:

16 − 4 = 12

Since Christina needs 0.75 gift bags per invited guest, the
number of gift bags needed is:

0.75 × 12 = 9

Finally, we calculate the total cost of the gift bags. Each
gift bag costs $2, so the total cost is:

9 × 2 = 18

Therefore, the amount Christina will spend is:

18

RFG (LLaDA 1.5)

To determine how much Christina will spend on gift bags,
we need to follow these steps:
1. Calculate the number of friends who don’t show up.
2. Determine the number of gift bags needed based on
the actual attendees. 3. Calculate the total cost of the gift
bags.
First, we calculate the number of friends who don’t show
up. Since 1/4 of the attendees don’t show up and she in-
vited 16 friends:

1

4
× 16 = 4

So, 4 friends don’t show up.
Next, we determine the number of gift bags needed based
on the actual attendees. Christina needs 0.75 gift bags per
invited guest, so for 16 invited guests:

0.75 × 16 = 12

So, she needs 12 gift bags.
Finally, we calculate the total cost of the gift bags. Each
gift bag costs $2, so:

12 × 2 = 24

Therefore, the total amount Christina spends is:

24

Figure 3: Qualitative examples for mathematical reasoning task.

Robustness to Accelerated Generation. We further investigate the robustness of RFG in an accel-
erated generation setting, where models generate multiple tokens per step (i.e., fewer total denoising
steps) to trade accuracy for inference speed. Specifically, we double the number of tokens gener-
ated per step (effectively halving the total denoising steps) compared to previous experiments, with
results presented in Table 5 and Table 6. This serves as a challenging ablation of RFG’s stabil-
ity. We find that RFG maintains substantial improvements over the baselines even in these coarser
generation regimes, highlighting its practical effectiveness for latency-sensitive applications.

Sensitivity to Guidance Strength. We conduct a sensitivity analysis by varying the guidance
strength hyperparameter w, with result presented in Figure 5. This demonstrate the robustness of
RFG, as the improvement is not confined to a narrow, fine-tuned peak; instead, the model exhibits a
wide plateau of strong performance across a broad range of w values. This indicates that RFG can
achieve substantial gains without intensive hyperparameter tuning.
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Query (MBPP)

Write a function to return two words from a list of words starting with letter ’p’. Your code should pass
the test:

assert start_withp(["Python PHP", "Java JavaScript", "c c++"])==('Python', 'PHP')

Original (DiffuCoder)

def start_withp(lst):
result=[]
for i in lst:
x=i.split()
for j in x:

if j[0]=='p':
result.append(j)

return tuple(result[:2])

RFG (DiffuCoder)

def start_withp(lst):
result= []
for i in lst:
for j in i.split() :
if j[0].lower()=='p' :
result.append(j)

return tuple(result[:2])

Figure 4: Qualitative examples for code generation task.

Table 5: Performance on mathematical reasoning tasks with a sequence length of 256. This setting
doubles the number of tokens generated per step compared to Table 1 and Table 2.

GSM8K MATH-500
Model Original Ensemble RFG Gain Original Ensemble RFG Gain

Instruction Fine-tuning
LLaDA 8B Instruct 78.6 64.3 80.7 +2.1 34.2 29.4 38.0 +3.8
Dream 7B Instruct 68.5 58.6 73.6 +5.1 35.4 27.4 37.6 +2.2

Reinforcement Learning
d1 LLaDA 79.8 67.3 82.0 +2.2 36.6 29.4 39.2 +2.6
LLaDA 1.5 81.5 70.2 82.1 +0.6 34.2 29.8 38.0 +3.8

Table 6: Performance on code generation tasks with a sequence length of 512. This setting doubles
the number of tokens generated per step compared to Table 3 and Table 4.

HumanEval MBPP
Method Original Ensemble RFG Gain Original Ensemble RFG Gain

Instruction Fine-tuning
LLaDA 8B Instruct 37.2 32.9 38.4 +1.2 43.6 39.7 44.4 +0.8
Dream 7B Instruct 37.8 39.0 42.7 +4.9 48.2 52.1 55.3 +7.1

Reinforcement Learning
diffuCoder 57.3 51.2 60.4 +3.1 61.1 36.6 63.0 +1.9

Figure 5: Accuracy under varying guidance strength w. GSM8K and MATH-500 uses d1-LLaDA,
HumanEval and MBPP uses Dream-Instruct and DiffuCoder, respectively. RFG consistently im-
proves performance over a broad range of guidance strength.

Interpreting the Guidance Direction and Strength. The RFG formulation can be written in the
equivalent form: log πRFG = log πθ +w(log πθ − log πref). With this form, RFG can be interpreted
as steering the post-trained model’s distribution, log πθ, along an optimization direction defined
by the difference (log πθ − log πref) with strength w. While RFG is motivated by theoretical
derivation on RL models, our empirical results show RFG works well for SFT models too, and this
interpretation helps explain why.
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5 RELATED WORK

Diffusion Language Models. Early attempts at text diffusion relied on operating in continuous
spaces, either by relaxing text tokens in a continuous form (Li et al., 2022; Dieleman et al., 2022;
Gong et al., 2023; Chen et al., 2023; Wu et al., 2023) or by diffusing the continuous parameters
of discrete distributions (Lou & Ermon, 2023; Lin et al., 2023; Graves et al., 2023; Xue et al.,
2024). Despite conceptual simplicity, these approaches faced challenges in scalability (Gulrajani &
Hashimoto, 2023). Alternatively, Austin et al. (2021a) introduced discrete diffusion that operates
directly on discrete text tokens, leading to a proliferation of variants (Hoogeboom et al., 2021; He
et al., 2022; Campbell et al., 2022; Meng et al., 2022; Sun et al., 2023; Gat et al., 2024; Sahoo et al.,
2024; Shi et al., 2024; Zheng et al., 2025; Ou et al., 2025; Nie et al., 2025a; Gong et al., 2025a). In
terms of generation order, Arriola et al. (2025) proposed Block Diffusion which generates block-
by-block autoregressively while applying parallel diffusion within each block. Building upon these
foundations, a significant breakthrough was the successful scaling of discrete diffusion language
models, with LLaDA (Nie et al., 2025b) and Dream (Ye et al., 2025) demonstrating performance
comparable to their autoregressive counterparts. To further boost reasoning and alignment, rein-
forcement learning has been applied. For instance, Zhao et al. (2025), Yang et al. (2025), and Tang
et al. (2025) adapted the GRPO (Shao et al., 2024) objectives for dLLMs, while Zhu et al. (2025)
introduced unbiased variance reduction techniques when applying DPO (Rafailov et al., 2023) to
dLLMs. The scope has also expanded beyond text to multimodal domains, with models such as
LaViDa (Li et al., 2025), MMaDA (Yang et al., 2025), and Dimple (Yu et al., 2025) integrating
text diffusion with vision capabilities. SDAR (Cheng et al., 2025) introduces a hybrid paradigm
that turns a pretrained autoregressive model into a blockwise diffusion model through a lightweight
adaptation phase. TraDo (Wang et al., 2025b) presents TraceRL, a trajectory aware reinforcement
learning framework that aligns the post training objective with the model’s inference trajectory.

Steering Generative Models Reasoning. Steering large generative models toward desired behav-
iors is a fundamental problem. In diffusion, guidance methods steer the generative process by adjust-
ing the score or noise prediction with auxiliary signals such as class labels, weaker models, or reward
gradients to bias sampling toward desired outputs without retraining. Classifier guidance (Dhariwal
& Nichol, 2021) uses gradients from an external classifier to steer the diffusion process toward a
target label, while classifier-free guidance (CFG) (Ho & Salimans, 2022) combines conditional and
unconditional diffusion predictions to achieve the same effect without requiring a separate classifier.
Karras et al. (2024) extended CFG and proposed autoguidance that guides the generation process
with a deliberately less-trained and smaller version of itself rather than an unconditional model, de-
coupling quality from diversity and yielding state-of-the-art image generation. In contrast, RFG is
entirely training-free: it does not deliberately train a weaker model and instead reuses off-the-shelf
dLLMs that directly steer the reverse process. Similar ideas to autoguidance have also been explored
in autoregressive LLMs, such as contrastive decoding (Li et al., 2023), which mitigates repetitive-
ness in generation. Nisonoff et al. (2025) applied guidance to discrete diffusion models, focusing
on applications to scientific data such as molecules, DNA, and proteins. Another line of work uses
reward-based guidance that typically trains an external reward model to score outputs, which has
been successful in aligning autoregressive LLMs (Ouyang et al., 2022; Rafailov et al., 2023; Shao
et al., 2024). Outcome reward models (ORMs) evaluate final answers without shaping intermediate
reasoning, whereas process reward models (PRMs) assign rewards to step-level traces (Uesato et al.,
2022; Lightman et al., 2023; Wang et al., 2023; Lu et al., 2024) .

6 CONCLUSION

We introduced Reward-Free Guidance (RFG), a novel framework for enhancing the reasoning
capabilities of diffusion large language models at test time. RFG guides the denoising process
without requiring an explicitly trained process reward model. By parameterizing the reward as the
log-likelihood ratio of a policy and reference dLLM, RFG elegantly connects a trajectory-level
reward with step-wise guidance. Our theoretical analysis shows that RFG’s sampling process is
equivalent to reward-guided sampling. Comprehensive experiments empirically validate the effec-
tiveness of RFG. We envision this framework as a foundation for broader alignment and reasoning
improvements in generative models, including multimodal diffusion and agentic reasoning systems,
where test-time guidance offers a scalable and general alternative to costly retraining.
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A PROOF

Proposition 3.1. Given a diffusion trajectory-level reward that is parameterized as the log-
likelihood ratio of two dLLMs, i.e., rθ(x0:T ) := β log pθ(x0:T )

pref(x0:T ) . Define Qt
θ(xt−1,xt:T ) :=∑T

i=t β log pθ(xi−1|xi:T )
pref(xi−1|xi:T ) , then we have that Qt

θ is the expectation of exponential rθ at step t:

Qt
θ(xt−1,xt:T ) = β logEpref(x0:T |xt−1:T )e

1
β rθ(x0:T ), (4)

where β is a hyperparameter for weighting the reward function.

Proof. The proposition is mainly proven by induction. The proposition and proof are largely bor-
rowed from related literature in autoregressive LLMs (Yuan et al., 2025). The key difference is that
in previous work, the analyses are mainly for autoregressive generation, while in this paper, we focus
on the sampling trajectory of dLLMs.

Suppose we are given dLLM that discrete the sampling trajectory into T steps. The proof of Theo-
rem 3.1 can be decomposed into the two following arguments:

1. At t = 1, Q1
θ(x0,x1:T ) = rθ(x0:T ) = β logEpref(x0:T |x0:T )e

1
β rθ(x0:T );

2. For ∀t ∈ {1, . . . , T − 1}, if Qt
θ(xt−1,xt:T ) = β logEpref(x0:T |xt−1:T )e

1
β rθ(x0:T ), then we

would also have Qt+1
θ (xt,xt+1:T ) = β logEpref(x0:T |xt:T )e

1
β rθ(x0:T ).

Proof of 1. In dLLM, we have that p(x0:T ) = p(xT )
∏T

t=1 p(xt−1|xt). Then we have

rθ(x) := β log
pθ(x0:T )

pref(x0:T )
= β log

T∏
i=1

pθ(xt−1|xt)

pref(xt−1|xt)
=

T∑
i=1

β log
pθ(xt−1|xt)

pref(xt−1|xt)
.

Then we trivially have that:

Q1
θ(x0,x1:T ) =

T∑
i=1

β log
pθ(xt−1|xt)

pref(xt−1|xt)
= rθ(x0:T ) = β log e

1
β rθ(x0:T ) = β logEpref(x0:T |x0:T )e

1
β rθ(x0:T ).

Proof of 2. For ∀t ∈ {1, . . . , T − 1}, given Qt
θ(xt−1,xt:T ) = β logEpref(x0:T |xt−1:T )e

1
β rθ(x0:T ), we

have:

Qt+1
θ (xt,xt+1:T ) = β

T∑
i=t

log
pθ(xi|xi+1:T )

pref(xi|xi+1:T )

= β log

T∏
i=t

pθ(xi|xi+1:T )

pref(xi|xi+1:T )

= β log

T∏
i=t

pθ(xi|xi+1:T )

pref(xi|xi+1:T )

∑
yt−1

pθ(xt−1|xt:T )

= β log

T∏
i=t

pθ(xi|xi+1:T )

pref(xi|xi+1:T )

∑
yt−1

pref(xt−1|xt:T )
pθ(xt−1|xt:T )

pref(xt−1|xt:T )

= β log

T∏
i=t

pθ(xi|xi+1:T )

pref(xi|xi+1:T )
Epref(xt−1|xt:T )

pθ(xt−1|xt:T )

pref(xt−1|xt:T )

= β logEpref(xt−1|xt:T )

T∏
i=t−1

pθ(xi|xi+1:T )

pref(xi|xi+1:T )

= β logEpref(xt−1|xt:T )e
1
βQt

θ(xt−1,xt:T )
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= β logEpref(xt−1|xt:T )Epref(x0:T |xt−1:T )e
1
β rθ(x0:T )

= β logEpref(x0:T |xt:T )e
1
β rθ(x0:T )

which completes the proof.

B MASKED DIFFUSION LARGE LANGUAGE MODEL FORMULATION

We can frame a diffusion large language model (dLLM) as a scaled-up implementation of a masked
diffusion model tailored for text generation. It operates on a sequence of tokens x0 and learns to
reverse a masking process.

Forward Process. The forward process q(xt|xt−1) is a Markov process that replaces a subset of
non-masked tokens in xt−1 with a [MASK] token to produce xt. The number of tokens to mask
at each step is determined by a predefined noise schedule αt, where t ∈ [0, 1] is the timestep. At
timestep t, the ratio of masked token is 1 − αt. αt strictly decreases with t, satisfying α0 = 1 and
α1 = 0. As an example, LLaDA (Nie et al., 2025b) adopts a linear schedule defined as αt = 1− t.
We then have the following the distribution

qt|0(xt|x0) =

L∏
i=0

qt|0(x
(i)
t |x

(i)
0 ), qt|0(x

(i)
t |x

(i)
0 ) =

{
1− αt, x

(i)
t = [MASK]

αt, x
(i)
t = x

(i)
0

Reverse Process. The reverse process aims to predict the original tokens that were masked in xt.
It is worth noting that during the forward process once a token is masked, it remains in the masked
state and cannot transition to other states. Given this, the conditional distribution for the reverse
process moving from a time step t to an earlier step s, where 0 ≤ s < t ≤ 1, is expressed as

qs|t(x
(i)
s |xt) =


1, x

(i)
t ̸= [MASK], x(i)

s = x
(i)
t

1−αs

1−αt
, x

(i)
t = [MASK], x(i)

s = [MASK]
αs−αt

1−αt
q0|t(x

(i)
s |xt), x

(i)
t = [MASK], x(i)

s ̸= [MASK]

0, otherwise

In practice, q0|t(x
(i)
s | xt) is approximated by the dLLM that recover the original token in sequence

x0 given the partially masked sequence xt.

Training. The dLLM, denoted as pθ(· | xt), is trained to reconstruct the original sequence x0

by predicting all masked tokens in the sequence xt, analogous to the masked language modeling
objective. The loss is an upper bound of the negative log-likelihood of the model distribution:

L(θ) := Ex0∼pdata(x0),xt∼qt|0(·|x0)

[∫ t=1

t=0

α′
t

1− αt

L∑
i=1

I[x(i)
t = [MASK]] log pθ(x

(i)
0 | xt)

]
,

where pdata is the distribution of training data. For models that employ linear noise schedule αt =
1− t (e.g., LLaDA), the loss function simplifies to

L(θ) = −Et∼U [0,1],x0∼pdata(x0),xt∼qt|0(·|x0)

[
1

t

L∑
i=1

I[x(i)
t = [MASK]] log pθ(x

i
0 | xt)

]
.

Inference. Inference starts with a sequence of L [MASK] tokens. The model then iteratively
unmasks the sequence over T steps. At each step t, the model pθ(x0|xt) predicts a full sequence.
A key feature of dLLMs is their flexibility in the unmasking order. Instead of a fixed left-to-right
generation, dLLMs can employ an any-order generation scheme. For instance, at each step, the
model might only replace the [MASK] tokens for which it has the highest prediction confidence (i.e.,
the lowest entropy). This new, partially filled sequence becomes xt−1, and the process repeats. This
allows the model to build the sequence from the easiest parts to the hardest, leveraging bidirectional
context at every step.
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C IMPLEMENTATION DETAILS

Hyperparameters. The number of generation steps is set equal to the generation length for ex-
periments in Table 1, 2, 3, and 4, and is set to half of the generation length for experiments in
Table 5 and 6. For the LLaDA family (LLaDA-Instruct, d1-LLaDA, and LLaDA-1.5), we adopt
block diffusion with a block length of 32 for all tasks. We apply low-confidence remasking for all
LLaDA-based models. The temperature is set to 0 for LLaDA family, following the setting from the
original paper. For the Dream family (Dream-Instruct and DiffuCoder), we use nucleus sampling
with p = 0.95 and a temperature of 0.1, following the recommendation from the original paper. To
ensure fairness, we use exactly the same set of hyperparameters for the original models, the naive
ensemble baselines, and our RFG.

Task Prompts. For GSM8k and MATH-500, we provide the original problem statement followed
by an instruction asking the model to output the final answer enclosed in a \boxed command. For
HumanEval and MBPP, we prepend a generation prefix: “Here is the code to solve this problem
\n‘‘‘python”. For MBPP specifically, we include only a single test case in the prompt, striking
a balance between clarifying the task details and avoiding potential test-data leakage. We use exact
same setting for all model types for each task.
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D QUALITATIVE EXAMPLES

D.1 GSM8K

D.1.1 LLADA INSTRUCT

Query (GSM8K)

Marissa is hiking a 12-mile trail. She took 1 hour to walk the first 4 miles, then another hour to walk
the next two miles. If she wants her average speed to be 4 miles per hour, what speed (in miles per
hour) does she need to walk the remaining distance?

Original (LLaDA Instruct)

First, let’s determine the total dis-
tance Marissa has already walked:

4 miles + 2 miles = 6 miles

Next, let’s calculate the total time
she has spent walking:

1 hour + 1 hour = 2 hours

Now, let’s find the remaining dis-
tance she needs to walk:

12 miles − 6 miles = 6 miles

Next, let’s determine the remaining
time she has:

4 hours − 2 hours = 2 hours

Finally, let’s calculate the speed she
needs to walk the remaining dis-
tance:

Speed =
6 miles
2 hours

= 3 miles per hour

Therefore, Marissa needs to walk
the remaining distance at a speed of
3 miles per hour to achieve an av-

erage speed of 4 miles per hour.

RFG (LLaDA Instruct)

To determine how much Christina will spend on gift
bags, we need to follow these steps:
First, let’s determine the total time Marissa has already
spent hiking. She took 1 hour to walk the first 4 miles
and another 1 hour to walk the next 2 miles. Therefore,
the total time spent is:

1 + 1 = 2 hours

Next, we know the total distance of the trail is 12 miles.
She has already walked 4 miles + 2 miles = 6 miles.
Therefore, the remaining distance is:

12− 6 = 6 miles

Marissa wants her average speed to be 4 miles per hour
for the entire trail. Therefore, the total time she needs to
complete the trail is:

12

4
= 3 hours

Since she has already spent 2 hours hiking, she has 1
hour left to complete the remaining 6 miles. Therefore,
the speed she needs to walk the remaining distance is:

6

1
= 6 miles per hour

The final answer is:
6
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D.1.2 DREAM INSTRUCT

Query (GSM8K)

Carla is downloading a 200 GB file. Normally she can download 2 GB/minute, but 40% of the way
through the download, Windows forces a restart to install updates, which takes 20 minutes. Then Carla
has to restart the download from the beginning. How load does it take to download the file?

Original (Dream Instruct)

First, we calculate the time it takes to
download 40% of the 200 GB file at
a rate of 2 GB/minute. 40% of 200
GB is 80 GB, so it takes 80 GB / 2
GB/minute = 40 minutes to download
80 GB.
Next, we calculate the time it takes to
download the remaining 60% of the
file at the same rate. 60% of 200 GB
is 120 GB, so it takes 120 GB / 2
GB/minute = 60 minutes to download
120 GB.
Finally, we add the time it takes to
download the first 40% of the file, the
time it takes to download the remain-
ing 60%, and the time it takes to install
updates. The total time is 40 minutes
+ 60 minutes + 20 minutes = 120 min-
utes.
Therefore, it takes Carla 120 min-
utes to download the file.

RFG (Dream Instruct)

1. First, calculate the amount of data Carla has down-
loaded when the 40

200× 0.4 = 80 GB

2. Since Carla downloads at a rate of 2 GB/minute,
the time it takes to download 80 GB is:

80

2
= 40 minutes

3. After the restart, Carla has to download the entire
200 GB again. The time it takes to download 200 GB
at a rate of 2 GB/minute is:

200

2
= 100 minutes

4. Add the time for the restart and the time to down-
load the entire file again to find the total time:

40 + 20 + 100 = 160 minutes

160 minutes
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D.1.3 D1-LLADA

Query (GSM8K)

Candice put 80 post-it notes in her purse before she headed out to her job at the coffee shop. On her
way, she stopped off at the store and purchased a package of Post-it notes; At work, she placed a single
Post-it note on each of 220 different cups of coffee. If she had 23 post-it notes remaining overall, how
many Post-it notes were in the package that she purchased?

Original (d1 LLaDA)

To determine how many Post-it notes were in
the package that Candice purchased, we need
to follow these steps:
1. Calculate the total number of Post-it notes
Candice used at work. 2. Add the num-
ber of Post-it notes she had remaining to the
number of Post-it notes she initially had in
her purse. 3. Subtract the number of Post-it
notes she used at work from the total number
of Post-it notes she had after purchasing the
package.
First, we know that Candice had 80 Post-
it notes in her purse initially and 23 Post-it
notes remaining after work. Therefore, the
total number of Post-it notes she had after
purchasing the package is:

80 + 23 = 303

Next, we know that Candice used 220 Post-it
notes at work. To find the number of Post-it
notes in the package, we subtract the number
of Post-it notes used from the total number
of Post-it notes she had:

303− 220 = 83

Thus, the number of Post-it notes in the pack-
age is:

83

RFG (d1 LLaDA)

To determine how many Post-it notes were in
the package that Candice purchased, we need
to follow these steps:
1. Calculate the total number of Post-it notes
Candice used at work. 2. Add the number of
Post-it notes she had remaining to the num-
ber used at work to find the total number of
Post-it notes she had. 3. Subtract the num-
ber of Post-it notes she originally had in her
purse from the total number of Post-it notes
she had to find out how many she purchased
in the package.
First, we know that Candice used 220 Post-
it notes at work and had 23 Post-it notes
remaining. Therefore, the total number of
Post-it notes she had is:

220 + 23 = 243

Next, we know that Candice originally had
80 Post-it notes in her purse. So, the number
of Post-it notes she purchased in the package
is:

243− 80 = 163

Thus, the number of Post-it notes in the pack-
age that Candice purchased is:

163
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D.1.4 LLADA 1.5

Query (GSM8K)

Julia was preparing for a dinner party at her house, where she intended to serve stew. She noticed that
she was out of plastic spoons, so she bought a new package of spoons. Later, her husband also bought
a package of 5 new spoons and gave them to Julia. While Julia was making the stew, she used three of
the spoons to sample her stew. Later, when she went to set the table, she had a total of 12 spoons. How
many spoons were in the package that Julia bought?

Original (LLaDA 1.5)

To determine how many spoons were in the pack-
age that Julia bought, we need to follow these
steps:
1. Identify the total number of spoons Julia
had before setting the table: Julia had 12 spoons
before setting the table.
2. Account for the spoons used while making
the stew: Julia used 3 spoons to sample her stew.
3. Determine the number of spoons given by
her husband: Her husband gave her 5 spoons.
4. Calculate the total number of spoons before
buying the package: Subtract the spoons used
from the total number of spoons before setting
the table:

12− 3 = 9

So, Julia had 9 spoons before buying the package.
5. Calculate the number of spoons in the pack-
age Julia bought: Subtract the spoons given by
her husband from the total number of spoons be-
fore buying the package:

9− 5 = 4

Therefore, the package that Julia bought con-
tained 4 spoons.
The final answer is:

4

RFG (LLaDA 1.5)

To determine how many spoons were in
the package that Julia bought, we need to
follow these steps:
1. Identify the total number of spoons
Julia had when setting the table: Julia
had 12 spoons when setting the table.
2. Account for the spoons used while
making the stew: Julia used 3 spoons to
sample her stew.
3. Determine the number of spoons
given by her husband: Her husband gave
her 5 spoons.
4. Calculate the total number of spoons
before setting the table: Let x be the
number of spoons in the package Julia
bought. After receiving 5 spoons from her
husband, she had x + 5 spoons. After us-
ing 3 spoons, she had 12 spoons left.

(x+ 5)− 3 = 12

Simplify the equation:

x+ 2 = 12

Subtract 2 from both sides:

x = 10

Therefore, Julia bought 10 spoons.
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D.2 MATH-500

D.2.1 LLADA INSTRUCT

Query (MATH-500)

If n ≡ 2 (mod 7), then find the remainder when (n+ 2)(n+ 4)(n+ 6) is divided by 7.

Original (LLaDA Instruct)

First, we know that n ≡ 2 (mod 7). We
need to find the remainder when (n+2)(n+
4)(n+ 6) is divided by 7.
Let’s compute each term modulo 7:
1. n+ 2 ≡ 2 + 2 ≡ 4 (mod 7) 2. n+ 4 ≡
2 + 4 ≡ 6 (mod 7) 3. n + 6 ≡ 2 + 6 ≡ 0
(mod 7)
Now, we multiply these results together:

(n+2)(n+4)(n+6) ≡ 4 ·6 ·0 (mod 7)

Since one of the factors is 0, the entire prod-
uct is:

0 (mod 7)

Thus, the remainder when (n+2)(n+4)(n+
6) is divided by 7 is

0

RFG (LLaDA Instruct)

First, we know that n ≡ 2 (mod 7). We
need to find the remainder when (n+2)(n+
4)(n+ 6) is divided by 7.
Let’s compute each term modulo 7:
1. n+ 2 ≡ 2 + 2 ≡ 4 (mod 7) 2. n+ 4 ≡
2 + 4 ≡ 6 ≡ −1 (mod 7) 3. n + 6 ≡
2 + 6 ≡ 8 ≡ 1 (mod 7)
Next, we multiply these results together:

(4)(−1)(1) ≡ −4 (mod 7)

Finally, we convert −4 to a positive equiva-
lent modulo 7:

−4 ≡ 3 (mod 7)

Thus, the remainder when (n+2)(n+4)(n+
6) is divided by 7 is

3
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D.2.2 DREAM INSTRUCT

Query (MATH-500)

CTwo fair, 6-sided dice are thrown. What is the probability that the product of the two numbers is a
multiple of 5? Express your answer as a common fraction.

Original (Dream Instruct)

To find the probability that the product of the two
numbers is a multiple of 5, we need to consider
the cases where at least one of the numbers is a
multiple of 5. There are 6 possible outcomes for
each die, so there are a total of 6× 6 = 36 possi-
ble outcomes when two dice are thrown.
The multiples of 5 on a 6-sided die are 5 itself.
Therefore, there is only 1 way for each die to
show a multiple of 5. Thus, there are 1 × 1 = 1
outcome where both dice show a multiple of 5.
The probability that the product of the two num-
bers is a multiple of 5 is the number of favorable
outcomes (where at least one die shows a multi-
ple of 5) divided by the total number of outcomes.
Since there is only one outcome where both dice
show a multiple of 5, the probability is 1

36
.

Therefore, the probability that the product of the

two numbers is a multiple of 5 is
1

36
.

RFG (Dream Instruct)

To find the probability that the product
of the two numbers is a multiple of 5, we
need to consider the cases where at least
one of the numbers is a multiple of 5.
There are 6 possible outcomes for each
die, so there are a total of 6 × 6 = 36
possible outcomes when two dice are
thrown.
The multiples of 5 on a 6-sided die are 5
itself. Therefore, there is only one way
for each die to show a multiple of 5. The
probability of neither die showing a mul-
tiple of 5 is

(
5
6

)2
= 25

36
. Thus, the prob-

ability that at least one die shows a mul-
tiple of 5 is 1− 25

36
= 11

36
.

Therefore, the probability that the prod-
uct of the two numbers is a multiple of 5

is
11

36
.

D.2.3 D1-LLADA

Query (MATH-500)

Compute arcsin
(
− 1

2

)
. Express your answer in radians.

Original (d1 LLaDA)

To compute arcsin
(
− 1

2

)
, we need to

find the angle θ such that sin(θ) =
− 1

2
. The angle whose sine is − 1

2
is

5π
6

radians.
Thus, the answer is:

5π

6

RFG (d1 LLaDA)

To compute arcsin
(
− 1

2

)
, we need to find the angle

θ such that sin θ = − 1
2

and θ lies within the range
of the arcsine function, which is [−π

2
, π
2
].

We know that sin
(
−π

6

)
= − 1

2
. The angle −π

6
is

within the range [−π
2
, π
2
].

Thus, arcsin
(
− 1

2

)
= −π

6
.

−π

6
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D.2.4 LLADA 1.5

Query (MATH-500)

What power of 4 is equal to 8? Express your answer as a common fraction.

Original (LLaDA 1.5)

To determine what power of 4 is equal to 8,
we need to solve the equation 4x = 8.
First, we can express 8 as a power of 4:

8 = 42

So, the equation becomes:

4x = 42

Since the bases are the same, we can set the
exponents equal to each other:

x = 2

Therefore, the power of 4 that is equal to 8
is:

2

RFG (LLaDA 1.5)

To determine what power of 4 is equal to 8,
we need to solve the equation 4x = 8.
First, let’s express 8 as a power of 2:

8 = 23

So, we can rewrite the equation as:

4x = 23

Next, we express 4 as a power of 2:

4 = 22

Thus, we can rewrite the equation as:

(22)x = 23

Using the power of a power property
(am)n = amn, we get:

22x = 23

Since the bases are the same, we can set the
exponents equal to each other:

2x = 3

Solving for x, we divide both sides by 2:

x =
3

2

Therefore, the power of 4 that is equal to 8
is:

3

2
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D.3 HUMANEVAL

D.3.1 LLADA INSTRUCT

Query (HumanEval)

def sort_array(array):
"""
Given an array of non-negative integers, return a copy of the given array after sorting,
you will sort the given array in ascending order if the sum
( first index value, last index value) is odd,
or sort it in descending order if the sum( first index value, last index value) is even.

Note:
* don't change the given array.

Examples:
* sort_array([]) => []
* sort_array([5]) => [5]
* sort_array([2, 4, 3, 0, 1, 5]) => [0, 1, 2, 3, 4, 5]
* sort_array([2, 4, 3, 0, 1, 5, 6]) => [6, 5, 4, 3, 2, 1, 0]
"""

Original (LLaDA Instruct)

if len(array) == 0:
return []

sum_last = array[0] + array[-1]
if sum_last % 2 == 1:

return sorted(array, reverse=True)
else:

return sorted(array, reverse=False)

RFG (LLaDA Instruct)

if len(array) == 0:
return []

sum_last = array[0] + array[-1]

if sum_last % 2 == 1:
return sorted(array)

else:
return sorted(array, reverse=True)

D.3.2 DREAM INSTRUCT

Query (HumanEval)

def sort_numbers(numbers: str) -> str:
""" Input is a space-delimited string of numberals from 'zero' to 'nine'.
Valid choices are 'zero', 'one', 'two', 'three', 'four', 'five', 'six',
'seven', 'eight' and 'nine'.
Return the string with numbers sorted from smallest to largest
>>> sort_numbers('three one five')
'one three five'
"""

Original (Dream Instruct)

numbers = numbers.split()
numbers.sort(key=lambda x: numbers.index(x))
return ' '.join(numbers)

RFG (Dream Instruct)

valid_numbers = ['zero', 'one', 'two', 'three', 'four', 'five', 'six', 'seven', 'eight', 'nine']
numbers = [valid_numbers.index(num) for num in numbers.split()]
numbers.sort()
return ' '.join(str(valid_numbers[num]) for num in numbers)
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D.3.3 DIFFUCODER

Query (HumanEval)

def how_many_times(string: str, substring: str) -> int:
""" Find how many times a given substring can be found in the original string.
Count overlaping cases.
>>> how_many_times('', 'a')
0
>>> how_many_times('aaa', 'a')
3
>>> how_many_times('aaaa', 'aa')
3
"""

"""

Original (DiffuCoder)

return string.count(substring)

RFG (DiffuCoder)

count = 0
for i in range(len(string) - len(substring) + 1):

if string[i:i+len(substring)] == substring:
count += 1

return count

D.4 MBPP

D.4.1 LLADA INSTRUCT

Query (MBPP)

Write a function to append the given list to the given tuples. Your code should pass the test:

assert add_lists([5, 6, 7], (9, 10)) == (9, 10, 5, 6, 7)

Original (LLaDA Instruct)

def add_lists(lst, tuples):
return tuple(lst + tuples)

RFG (LLaDA Instruct)

def add_lists(lst, tuples):
# Convert the tuples to a list
tuples_list = list(tuples)
# Append the given list to the tuples list
tuples_list.extend(lst)
# Convert the list back to a tuple
return tuple(tuples_list)
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D.4.2 DREAM INSTRUCT

Query (MBPP)

Write a python function to find the number of numbers with an odd value when rotating a binary string the given number of times.
Your code should pass the test:

assert odd_Equivalent("011001",6) == 3
"""

Original (Dream Instruct)

def odd_Equivalent(binary_string, rotations):
n = len(binary_string)
odd_count = 0
for i in range(rotations):

binary_string = binary_string[1:] + binary_string[0]
odd_count += sum(int(bit) for bit in binary_string) % 2

return odd_count

RFG (Dream Instruct)

def odd_Equivalent(binary, n):
count = 0
for i in range(n):

binary = binary[1:] + binary[0]
if int(binary, 2) % 2 == 1:

count += 1
return count

D.4.3 DIFFUCODER

Query (MBPP)

Write a function to find the largest sum of a contiguous array in the modified array which is formed by repeating the given array k
times. Your code should pass the test:

assert max_sub_array_sum_repeated([10, 20, -30, -1], 4, 3) == 30

Original (DiffuCoder)

def max_sub_array_sum_repeated(arr, n, k):
repeated_arr = arr * k
max_sum = float('-inf')
for i in range(n):

current_sum = 0
for j in range(i, i + n):

current_sum += repeated_arr[j % n]
max_sum = max(max_sum, current_sum)

return max_sum

RFG (DiffuCoder)

def max_sub_array_sum_repeated(arr, n, k):
repeated_arr = arr * k
max_sum = float('-inf')
for i in range(n * k):

current_sum = 0
for j in range(i, n * k):

current_sum += repeated_arr[j % n]
max_sum = max(max_sum, current_sum)

return max_sum
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