TEXAS A&M
UNIVERSIT Y. June 4, 2026

Data-Efficient Autoregressive-to-Diffusion
Language Models via On-Policy Distillation

Xingyu Su'*, Jacob Helwig'*, Shubham Parashar!*, Atharv Chagi', Lakshmi Jotsna!,
Degui Zhi?, James Caverlee!, Dileep Kalathill®, Shuiwang Ji'

1 Department of Computer Science and Engineering, Texas A&M University
2 Department of Bioinformatics and Systems Medicine, University of Texas Health Science Center at

Houston

3 Department of Electrical and Computer Engineering, Texas A&M University

Abstract:

We study the transformation of autoregressive models (ARLMs) into diffusion language models (DLMs). Rather
than pretraining from scratch, prior work replaces the causal attention in ARLMs with bidirectional attention and
then trains the resulting model using a DLM objective. However, these approaches incur two distribution shifts.
First, transitioning from a next-token prediction objective to a DLM objective can discard knowledge acquired
by the ARLM during training. Second, standard DLMs suffer from a train-inference mismatch, as the training
loss is defined on randomly masked sequences rather than the trajectories encountered at inference produced by
confidence-based decoding. To address both challenges, we introduce an On-Policy Diffusion Language Model
(OPDLM) in which On-Policy Distillation (OPD) is employed for ARLM-to-DLM transformation. Specifically,
OPDLM is trained via self-OPD, where the student, an ARLM with bidirectional attention, generates its own
trajectories, and the teacher, the original frozen ARLM, distills its knowledge by providing target logits on
these trajectories. By training directly in an on-policy manner, OPDLM eliminates the train-inference mismatch
in DLMs, while distillation from the original model enhances knowledge retention from the ARLM. Empirical
results demonstrate that OPDLM requires 15x to 7,000 % fewer training tokens with strong performance
across a wide variety of tasks. OPDLM avoids the prohibitive cost of DLM pretraining and positions DLM
transformation as a form of ARLM post-training.
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Figure 1: OPDLM establishes a new pareto frontier for AIME-24 [57]. Notably, training OPDLM-8B requires
only 0.066B training tokens and 4.2 x 10'8 FLOPs, which is 15x to 7,000x less as compared to established
DLMs obtained from ARLMs [53, 8, 49], demonstrating its extreme compute and data efficiency.

1. Introduction

Diffusion Language Models (DLMs) extend diffusion-based generative modeling from domains such as
images, video, robotics, and biology [22, 44, 12, 23, 35, 18] to text [3]. A prominent class of DLMs,
Masked Diffusion Language Models (MDLMs) [41], has recently shown competitive performance with
autoregressive language models (ARLMs) on arithmetic, coding, and general reasoning tasks [53, 32], while
offering the potential advantage of decoding multiple tokens per step. Unlike ARLMs, which are trained by
next-token prediction, MDLMs are pretrained by masking tokens in training sequences and minimizing a
negative evidence lower bound (NELBO) [41]. Since pretraining MDLMs from scratch can require trillions of
tokens [32, 2], recent work instead converts pretrained ARLM checkpoints into DLMs by replacing causal
attention with bidirectional attention and continuing training with a diffusion objective, reducing the training
requirement to billions of tokens [53, 8, 49]. However, this conversion process still leaves two mismatches
that limit training efficiency.

The first is a knowledge-retention mismatch. A pretrained ARLM contains substantial knowledge acquired
through next-token prediction, but replacing its attention structure and optimizing an MDLM objective can
weaken or discard some of that knowledge. The second is a training—inference state mismatch: MDLMs are
trained on uniformly random masked states, whereas inference follows model- and sampler-induced reverse
unmasking trajectories, typically using confidence-guided decoding heuristics [32]. These trajectories are not
directly represented by the standard forward-masking training distribution. This motivates two questions:
How can we retain knowledge from the original ARLM during conversion into a DLM? and how can we train the
converted model directly on the states it visits during diffusion inference?

In autoregressive settings, On-Policy Distillation (OPD) [1] offers a useful template for these goals. OPD
supervises a student on states sampled from its own generation process, reducing exposure bias while
distilling token-level knowledge from a teacher model. However, applying OPD to ARLM-to-DLM conversion
is not straightforward, as standard OPD assumes the teacher and student share the same state space. For a
DLM student, these states are partially masked diffusion states; therefore, a direct application would require
a trained DLM teacher to provide targets on such states. This is precisely the requirement we aim to avoid.

In this work, we introduce On-Policy Diffusion Language Models (OPDLM), an on-policy method for




Data-Efficient Autoregressive-to-Diffusion Language Models via On-Policy Distillation

Sample xq,x; from py

X1 Compute Distillation Loss

[M] [M]l[M] [M] pg( | = M1 23 M]) )
— X ~po (- [x1) | = VG‘C(G)
L(0) +
zp [M] 3 [M]
J KL(pARLM('lx(lJ )
X0 ~ po (- [Xt)

KL(pARLM( - |\=5)

p5( « ||« |0M] |3 [M]))

1)(.2](..3|[ .4
To|| Zo||To/| To

Figure 2: OPDLM training framework. At each training step, we sample a reverse decoding trajectory from
the student DLM py. From this trajectory, we select one partially denoised state x; and compute a distillation
loss over its masked tokens. For each masked position i, the loss aligns the student distribution pg with the
frozen ARLM teacher distribution conditioned on the corresponding causal prefix of the terminal sequence x.
This trains the DLM on its own inference-time states while transferring knowledge from the original ARLM.
For simplicity, the figure shows a single block of size 4, while in practice, trajectories contain multiple blocks.

converting ARLMs into DLMs. The DLM student is initialized from the ARLM checkpoint, samples its own
reverse diffusion trajectories, and is trained on those trajectories using token-level targets from the original
frozen ARLM. This combines on-policy training of the DLM student with knowledge distillation from the
ARLM teacher, avoiding the need for a separately pretrained DLM teacher.

Our contributions are as follows. First, we formulate ARLM-to-DLM conversion as a post-training problem
and show that DLMs can be obtained without the computationally intensive DLM pretraining stage. Second,
we demonstrate strong data efficiency: OPDLM uses 15 x to 7,000 x fewer training tokens than established
DLM baselines while remaining competitive across model scales and task categories (see Fig. 1). Third,
we provide evidence that ARLM supervision supports knowledge retention during conversion, including
zero-shot behavior on capabilities not explicitly targeted during conversion, such as multilingual generation
and extended thinking. Finally, we show that the same framework can produce both general-purpose and
task-specialized DLMs. We release our data, code, and model checkpoints to support future work.

2. Background and Related Works

Masked Diffusion Language Models (MDLMs) have emerged as an alternative to autoregressive models
(ARLMs) for text generation [41, 32]. Structurally, MDLMs fall into two distinct paradigms: global diffusion
across all masked positions [32, 41] and localized diffusion within a block-wise causal framework [2]. DLMs
enable more flexible decoding and demonstrate superior training efficiency with improved convergence on
perplexity [31, 16]. Despite these advantages, pretraining these models from scratch requires trillion-scale
tokens [32].

ARLM to DLM Conversion is an efficient paradigm for pretraining DLMs [53, 49, 8, 45, 15, 60, 6]. Such
pretraining reduces the required training data from trillions of tokens to billions, but the current conversion
process is largely treated as a phase of continued pretraining [50, 30] in which the next-token prediction
loss of ARLMs is replaced by the standard DLM loss with bidirectional attention. The adaptation of an ARLM
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into a DLM has not been explored using knowledge distillation [21].

On-Policy Distillation (OPD) methods train a student model on trajectories sampled directly from its own
policy, while a teacher model provides token-level supervision via KL divergence [1, 37, 10]. Unlike standard
knowledge distillation [21], querying the teacher on these student-generated states has been shown to
mitigate the distribution shift arising from learning with teacher generations [40]. Recently, self-OPD for
ARLMs [58, 25, 42] has demonstrated that a single model can serve as its own teacher by leveraging privileged
information to supervise a student conditioned on a strictly weaker context. In this work, we investigate
whether OPD can be extended to train a student DLM with supervision from an ARLM teacher.

3. Preliminaries

In this section, we review masked diffusion language models (MDLMs) and On-Policy Distillation (OPD) for
autoregressive language models (ARLMs).

Masked Diffusion Language Models (MDLMs). MDLMs define a forward masking process that corrupts a
clean sequence' xg ~ Pgata, With |xo| < L. For diffusion time ¢ € [0, 1], the forward process independently
replaces each token with the mask token m:
q"0(xi | xb) = a6y (%) + (1= a)om(x}),  wr=1-t.

We use ¢'°(- | xo) to denote the corresponding product distribution over sequence-level corruptions. Thus,
sampling t ~ U(0,1) corresponds to masking each token in xy independently with probability ¢ [32, 41].
For later comparison with on-policy training, it is useful to view this forward process as a distribution over
trajectories. Given xo, let T™4 ~ I'"d(. | x,) denote a forward masking trajectory, viewed as a map from
diffusion time to corrupted sequences, whose time-t marginal satisfies T4 (t) ~ ¢!%(- | x¢). Standard
MDLM training can then be viewed as sampling a trajectory T/%9, selecting a time t ~ 2/(0,1), and setting
x; = T4 (t). Given this corrupted sequence, the model is trained to recover the original tokens at masked
positions as

1 i
£MDLM(9) = _]E:X(]diafartNu(Orl)rxth”O('lxﬂ) ? Z ].Og Pe(xo ‘ Xt) 4 (1)
l’EM(Xf)

where M(x) = {i: x¥' = m} is the set of masked positions and the factor 1/t is the diffusion time weight
induced by the linear schedule. Following [2], we use block diffusion, which partitions the sequence into
B non-overlapping contiguous blocks. For block b, the model conditions on the clean prefix x0<b and the
corrupted active block x! as

B
1 ,
Lplock (0) = B psia, 2 (0,1), xi~10 (- x0) Z n Z log Pe(xg’l x50 X)) | - (2)
b=1 " ieM(xh)

During inference, a new sequence is generated through a reverse unmasking procedure induced jointly by
the model and sampler. Starting from an initially masked sequence, the sampler iteratively queries the model
on the current partially denoised state, py(- | x,), and selects and updates a subset of masked positions
according to a decoding rule, typically based on model confidence. This process produces a reverse decoding
trajectory T := (X¢;, X¢;_y, - - -, Xty ), Where x;, is the initial masked sequence, x;, is the terminal generated

LUnless otherwise stated, we write x for the sequence being denoised. For conditional generation, any prompt is treated as fixed
observed context and omitted from the notation.
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sequence, and the number of steps T and realized effective denoising times tr,f7_1, ...,y are induced by
the realized interaction between the model and sampler. We view T as a map on these realized times, so that
T(t¢) = xy,. For a fixed sampler, we denote the resulting reverse trajectory distribution by T ~ T".

The distinction between forward random-masking states during training and reverse sampler-induced states
during inference highlights the training—inference mismatch in standard MDLM training. During training,
the loss is evaluated on states obtained by sampling Xg ~ pgata, t ~ U(0,1), and x; ~ qt‘o(- | x0), whereas
during inference the model encounters intermediate states 7(t;) along trajectories sampled from I';"Y. Thus,
the training state distribution need not match the inference state distribution, which can make learning less
efficient.

On-Policy Distillation (OPD). OPD [1] reduces the analogous exposure bias in autoregressive models by
supervising a student on prefixes sampled from its own generation process. The student first samples an
on-policy sequence X ~ pg. The teacher p, is then queried on the causal prefixes of this same sequence,
producing token-level targets for the student as

||
1
Lorp(0) = Ex~p, WZDKL (Po(- [ %<i) || po(- | <)) | - (3)
i=1

The distinction from supervised distillation is the state distribution on which the student and teacher
distributions are compared: OPD trains on prefixes induced by the student’s own rollout rather than on
prefixes from a fixed dataset or from teacher-generated responses.

4. On-Policy Diffusion Language Models

We propose On-Policy Diffusion Language Models (OPDLM), an on-policy method for efficiently converting
an ARLM into a DLM. We begin by writing block diffusion training as a general objective over trajectory
distributions, which will allow us to compare standard forward-masking training with OPDLM’s reverse-
trajectory training. Let I' denote a distribution over trajectories T ~ I', viewed as maps from times to
sequence states, and let v(- | T) denote a state-selection distribution over times in the trajectory. For a
sampled trajectory and selected time f ~ v(- | T), we write x; = 7(t) for the selected intermediate state and
xo = 7(0) for the terminal sequence. We define the generalized block diffusion objective as

Lrup® = Bur i | S0 Y D (67 1x0) || 5 15" xD)) | - @

b=1 ieM(xh)

Here, I' determines the source of training trajectories v determines which state along each trajectory is
supervised, w(t) is a time-dependent weight, ¢ is the target distribution at position i in block b, and Pe is
the DLM student’s predictive distribution at the same position.

This formulation recovers the standard block-diffusion loss in Eq. (2) as a special case. Choose I to be the
trajectory distribution induced by first sampling xo ~ Pgata and then sampling T ~ T'™Wd(. | xq), where
7(t) ~ g'1%(- | xo) for every t. Taking v = U(0,1), w(t) = 1/t for the linear schedule a; = 1 — t, and hard-

PGt AD) = ~log py (g | x5t x0):
This trajectory-level view isolates the source of the training—inference mismatch in standard block diffusion.
Training uses states induced by the data-marginal forward random-masking trajectory distribution, obtained
by sampling xo ~ Pgata and then T ~ I'™4(. | xq), whereas inference uses states induced by the reverse
decoding trajectory distribution I';". In this framework, directly reducing the mismatch amounts to changing
the training trajectory distribution.

label targets qbb i(- | x0) = S i recovers Eq. (2), since Dgr <5xb,i
0 0
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Algorithm 1 OPDLM Training Step

1: Input: frozen ARLM teacher parpm; student DLM py; sampler S
2: // On-policy reverse rollout

3: Sample reverse trajectory T = (X¢;, Xtr_y, -, Xty) ~ I
4: Set terminal sequence xp — T(to)

5: Sample non-terminal trajectory index k ~ U({1,...,T})
6: Set training time t < t; and on-policy state x; < ()
7: Initialize loss £ < 0

8: // ARLM-supervised distillation

9: for each block b =1,...,B do
10:  for each masked position i € M(x?) do
11: Set teacher distribution pr < parim(- | X5 ,xg <Z)
12: Set student distribution pg < pg (x5 %)
13: Update loss £ < L + Dxr.(p1 || ps)
14:  end for
15: end for
16: Output: £

4.1. Addressing Training-Inference Mismatch

Guided by the trajectory objective in Eq. (4), OPDLM replaces the forward masking trajectory distribution
with the student’s sampler-induced reverse trajectory distribution. Specifically, we sample a reverse trajectory
T = (Xtgp, Xtp_ys -+ Xpy) ~ I}V, where I'y™ is induced by the student DLM and fixed sampler, and tr, ..., ¢
are the realized effective denoising times along the sampled trajectory, with tt = 1 and ¢y = 0. Here,
xo = T(#p) denotes the terminal generated sequence of the sampled reverse trajectory. We then sample an
indexk ~U({1,...,T}), set t = t;, and take x; = T(t;). Equivalently, this samples ¢ from the state-selection
distribution vyey (- | T) that is uniform over the realized non-terminal times {f1, ..., f7}. Substituting this
choice of T and vy into Eq. (4) gives the on-policy block diffusion objective

£on(9) = IETNFEeV,tNI/reV( ) Z Z DKL <(Pb,i(' | XO) H ps,i(. | gb, X?)) ) (5)

b=1 ieM(xb)

This objective is on-policy because the supervised states are sampled from the same reverse decoding process
used at inference. It still leaves open the choice of target distribution ¢ at each masked position. A trained
DLM teacher could provide such targets, but would defeat our goal of converting an ARLM into a DLM
without first training a separate DLM. We therefore define ¢" using the original frozen ARLM, and py as the
DLM student initialized from the same ARLM checkpoint but with blockwise-causal attention.

4.2. ARLM Supervision for On-Policy States

To define the target distribution ¢/ for a partially masked diffusion state, a trained DLM teacher could be
queried directly on x;, but OPDLM instead uses the frozen ARLM teacher. This choice serves two purposes:
it avoids requiring a separately trained DLM teacher, and it transfers knowledge from the original ARLM
through token-level distribution matching.

The main challenge is that the student DLM predicts from a partially masked block xi’ , Whereas the ARLM
teacher is defined over unmasked causal prefixes. We resolve this structural mismatch by using the terminal
sequence xp = T(tp) from the student’s reverse trajectory to construct the teacher prefix. For each masked
position i in block b, we define the target distribution by querying the teacher on the unmasked causal prefix:
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oY (- | x0) = parim(- | xgb,x8’<i), where parpm denotes the original frozen ARLM. Substituting this target

distribution into Eq. (5) gives the OPDLM objective as

B

Loppim(8) = Eropev, pov (o) | D w0() Y Dxr (PARLM(' B ) H P (- | x0<bfxtb)>
b=1 ieM(xb)

The student is therefore trained on its own reverse-trajectory states, with supervision provided by the
predictive distribution of the original ARLM. Because the target is the ARLM’s full token-level predictive
distribution at each supervised position, this objective encourages retention of knowledge from the original
model. For the loss weighting, we follow Zhou et al. [60] and set w(t) = 1; although related work has
explored alternative schemes [53, 15], we find this simple uniform weighting sufficient. The training
procedure is visualized in Fig. 2 and detailed step-by-step in Algorithm 1.

4.3. Rollout-Length Curriculum

Although OPDLM trains on the student’s own reverse trajectories, these trajectories can be unstable imme-
diately after ARLM-to-DLM conversion. The student inherits the ARLM weights, but is now queried in a
different mode: masked-token embeddings appear in the input, attention is bidirectional within each block,
and predictions are made at masked positions rather than by standard next-token prediction. As a result,
long early rollouts may produce low-quality terminal sequences, causing the ARLM teacher to provide targets
on incoherent causal prefixes. We stabilize training using a curriculum learning inspired strategy [5, 341,
progressively increasing the length of the rollout as the student improves. Let Ly, and Ly, denote the
minimum and maximum sequence lengths used for on-policy generation. At training step s, we set

(Lnax — me>J> ,

where Syarm is the number of warmup steps. Early in training, this restricts optimization to shorter rollouts,
where the student learns to match the ARLM teacher on contexts primarily comprised of the prompt. As
training progresses, the curriculum gradually exposes the student to longer trajectories while avoiding the
cost of long, low-quality early rollouts that provide weak training signal.

. S
Ls = min <Lmax/ Lin + \‘

Swarm

5. Experiments

In this section, we present experimental results validating the benefits of On-Policy Diffusion Language
Models (OPDLMs). We first outline our experimental setup (Section 5.1) and then present our main results
on general-purpose benchmarks (Section 5.2). We further conduct an ablation study to disentangle the
contributions of OPDLM’s design choices (Section 5.3), evaluate inference-time efficiency through multi-token
decoding (Section 5.4), and demonstrate OPDLM’s effectiveness as a specialized DLM (Section 5.5).

5.1. Setup

Base student and teacher models. Following [60, 8], we use the Qwen3 family (0.6B to 8B) as our base
ARLM:s for conversion to DLMs [37]. Following our self-distillation setup, the teacher and student are same
models, i.e., 4B ARLM teaches 4B student, differing only in use of logit shifting for the ARLM and their
attention mask, i.e., the teacher has causal attention and the student uses block-wise causal attention.

Dataset Preparation. We train OPDLM on a curated corpus of ~60K samples spanning four domains: math
(20,222 samples), code (21,594 samples), science (10,000 samples) and chat (10,000 samples), with details
in Section B.1. Since OPDLM is an on-policy method, we only keep the prompts of those datasets.
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Table 1: OPDLM 4B and 8B achieves competitive performance across general knowledge, mathematics,
and code generation benchmarks while requiring dramatically fewer training resources - as little as 0.075B
tokens, representing up to a 15x to 7,000 x reduction in training tokens when compared to the other
baselines. Cell shading in the Tokens and FLOPs rows reflects training efficiency, darker green indicates
fewer tokens/FLOPs consumed.

4B Scale 8B Scale
Benchmark SDAR-4B OPDLM-4B LLaDA-8B Dream-7B SDAR-8B Fast-dLLM-v2-7B OPDLM-8B

Tokens | 55B 1500B 580B 55B 1B
FLOPs (1e18) | 1320 72000 24360 2640 42

General Knowledge & Instruction Following

MMLU 74.9 65.5 65.5 67.0 78.6 66.6 70.9
MMLU-Pro 50.9 46.3 37.0 43.3 56.9 41.5 53.7
GPQA-Diamond 33.0 29.1 31.8 32.1 40.2 27.3 36.1
IFEval 56.6 53.8 59.9 62.5 61.4 65.4 50.1
CEval 62.9 66.9 - - 70.2 70.3 73.3
LiveBench 25.3 27.8 - - 28.6 9.5 25.8

Mathematics & Reasoning

GSM8K 89.9 87.6 78.6 81.0 91.3 83.7 87.1
MATH-500 72.8 72.8 26.6 39.2 78.6 65.6 71.2
AIME-24 10.0 14.4 2.1 0.0 10.0 10.0 14.7
AIME-25 7.5 12.6 0.4 0.0 10.0 0.0 12.4
LMB-Hard 6.9 11.1 - - 8.9 8.9 20.0
Zebral.ogic 6.3 10.5 - - 7.8 3.5 12.9

Code Generation

HumanEval-base 76.8 56.1 35.4 57.9 82.3 63.4 59.8
MBPP-base 80.7 57.7 31.5 68.3 79.6 63.0 48.7
LCB-v6 12.6 10.4 - - 14.5 9.7 9.7
Codeforces 4.0 5.0 - - 5.8 5.0 3.5

For evaluation, we report results across different categories: general knowledge, math, and coding. Unless
otherwise specified, all benchmarks are evaluated under greedy static decoding [32] with block size=4.
Detailed hyperparameters can be found in Section B.3.

Baselines. We compare OPDLM against four representative DLMs: LLaDA [32], trained from scratch with
a full-attention diffusion objective; Dream [53], also using a full-attention diffusion objective but initialized
from a pretrained AR checkpoint; and SDAR [8] and Fast-dLLM-v2 [49], which adapt pretrained AR models
into block diffusion models via off-policy conversion. Unless otherwise stated, all reported results use static
decoding (one token per step).

5.2. OPDLM as a General-Purpose DLM

As shown in Table 1, OPDLM achieves performance competitive with strong AR-to-diffusion baselines while
using two to three orders of magnitude less tokens. SDAR remains the strong baseline on several benchmarks;
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Table 2: Zero-shot extended thinking in OPDLM. Although not explicitly trained to think, OPDLM retains the
pre-trained ARLM prior, enabling zero-shot extended thinking at inference.

OPDLM-4B OPDLM-8B
Benchmark non-think think@eval non-think think@eval
GSMS8K 87.6 85.3 87.1 88.0
MATH-500 72.8 75.0 71.2 75.6
AIME-24 14.4 11.2 14.7 18.6
AIME-25 12.6 13.6 12.4 19.4
LMB-Hard 11.1 17.8 20.0 17.8
ZebraLogic 10.5 9.5 12.9 17.3

Table 3: Zero-shot multilingual results at 4B and 8B scales. Despite no multilingual data in training, OPDLM
retains substantial multilingual ability; SDAR serves as an oracle reference.

MMMLU INCLUDE MT-AIME

Model dite  ite 2024 VLosiQA
SDAR-4B 507 533 3.0 465
OPDLM-4B 51.6 49.6 5.3 46.5
Fast-dLLM-v2-7B 51.5 45.1 4.3 42.6
SDAR-8B 60.8 578 40 463
OPDLM.-8B 560 519 79 420

however, this comparison is confounded by two factors: SDAR is trained on ~55B tokens of undisclosed data,
whereas OPDLM uses only ~66M-76M tokens from the public corpus. We provide a controlled, like-for-like
comparison under matched data and compute in Section 5.3, which isolates the contribution of our on-policy
distillation objective from data scale and curation effects.

We highlight two additional findings. First, the comparative advantage of OPDLM correlates directly with
task complexity. Although baseline models maintain an edge on saturated datasets like GSM8K, OPDLM
achieves comparable or superior performance on highly rigorous benchmarks such as GPQA-Diamond, AIME,
and LiveCodeBench (note that AIME and GPQA results are averaged across 32 and 8 seeds, respectively,
following Cheng et al. [8]). Second, OPDLM effectively preserves the structural priors of its base ARLM. As a
result, it exhibits zero-shot retention of capabilities entirely absent from the training distribution, including
extended reasoning (Table 2) and multilingual proficiency (Table 3).

5.3. Ablation Study: On-Policy vs. Off-Policy Distillation

Setup. In this section, we compare off-policy distillation against OPDLM under matched data: both train
on the same prompt corpus for a single data epoch, differing only in the training objective. Off-Policy
Distillation [21] matches soft teacher distributions on offline teacher responses with random masking. We
defer the comparison of SFT and OPDLM on the same data to the appendix.

OPDLM eliminates the training-inference divide of DLMs by training on states generated by the reverse
diffusion process of the model itself. To achieve this, OPDLM modifies both the forward diffusion (the
masking trajectory) and the reverse diffusion (the target response generation) to be entirely on-policy. To
isolate the contribution of the on-policy masking trajectory, we introduce an intermediate baseline, OPDLM g,
which keeps the reverse diffusion on-policy but reverts the forward diffusion to standard random corruption.
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Table 4: Ablation of training objectives under matched data and compute, at 4B and 8B scales. All variants
are trained on the same prompt corpus for one data epoch. Bold: best in row within each scale.

4B 8B
Benchmark Off-Policy OPDLM,; OPDLM Off-Policy OPDLM,; OPDLM
MMLU 66.3 66.7 65.5 65.5 69.1 70.9
MMLU-Pro 47.2 47.1 46.3 51.7 52.7 53.7
GPQA-Diamond 30.9 29.9 29.1 33.6 38.3 36.1
IFEval 46.2 49.0 53.8 43.3 48.8 50.1
GSMS8K 85.8 86.7 87.6 85.7 88.1 87.1
MATH500 73.2 75.8 72.8 69.2 73.8 71.2
AIME-24 10.9 11.2 14.4 17.0 12.9 14.7
AIME-25 11.9 12.7 12.6 14.3 15.4 12.4
HumanEval 48.8 37.8 56.1 54.9 54.9 59.8
MBPP 54.5 56.4 57.7 59.5 57.9 48.7
LCB-v6 6.4 11.7 10.4 6.4 11.9 9.7
Codeforces 2.4 4.5 5.0 3.7 4.5 3.5

OPDLM, ablates the impact of selecting masked states from the decoded trajectory by instead applying
standard random corruption to the final generated sequence. We generate a terminal sequence xy using the
student’s native decoding (xo ~ pp) and compute ARLM soft targets exactly as in OPDLM. To construct the
training state, similar to block diffusion, we sample a time step + ~ 1/(0,1) and apply independent random
masking x; ~ ¢'1(- | x¢), yielding the objective:

B
Loppimy (0) =Ey L 12401, ximg™ (- x0) Zw(t) Z Dx1. (PARLM(' | x5, xg <) H P | x5, Xf))
b=1 ie./\/l(xf)
(6)

Results. Table 4 reports the comparison. Two findings emerge. First, on-policy data is the primary driver
of performance. Switching the training data from offline teacher generations to the model’s own on-policy
generations, moving from the Off-Policy baseline to OPDLM, while keeping the ARLM soft targets fixed,
yields consistent gains across both the 4B and 8B scales. Second, when using on-policy data, the specific
masking trajectory has a limited effect. OPDLM,¢ and OPDLM effectively serve as training augmentations
of one another. They differ only in whether their masked states are drawn from random corruption or the
model’s own decoding trajectory, yet both achieve comparable performance across benchmarks. However, we
note that this study was done for a block size of 4 and leave a broader study of varying block sizes (beyond
the size of 4 used in these experiments) to future work.
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Figure 3: MATH-500 accuracy and average tokens per denoising step under different decoding configurations.
(@) OPDLM with block size 4: decreasing the decoding threshold < increases tokens/step, with MATH-500
accuracy as the trade-off. (b) At fixed threshold = 0.9: larger training block sizes yield more tokens/step,
again at the cost of accuracy.

Table 5: OPDLM-MATH compared to TraDo [46] on math benchmarks. Even without a verifier signal or
a pre-training, OPDLM-MATH achieves strong performance, particularly on the harder benchmarks. The
"Thinking" variants are trained from scratch as separate models to enable extended reasoning. We also
provide a reference comparison to standard DLMs.

Model GSMS8K MATH500 AIME24
Reference

SDAR-4B-Chat 90.2 70.2 5.0
LLaDA-8B-Instruct 82.5 37.3 0.5
Dream-7B-Instruct 72.7 38.7 0.0
SDAR-8B-Chat 91.1 74.3 11.8
4B scale

TraDo-4B-Instruct 91.2 75.6 8.3
OPDLM-MATH-4B 83.8 75.8 10.0
OPDLM-MATH-4B-Thinking 91.7 90.2 43.3
8B scale

TraDo-8B-Instruct 92.3 78.5 13.3
OPDLM-MATH-8B 86.2 76.6 23.3
TraDo-8B-Thinking 94.2 87.4 35.5
OPDLM-MATH-8B-Thinking 93.8 92.4 50.0

5.4. Inference Efficiency: Multi-Token Decoding

In this section, we briefly explore how OPDLM’s inference throughput can be controlled through two
complementary mechanisms, namely, the decoding confidence threshold and the block size used in training.
More results are provided in Section A.3.

Effect of decoding threshold. For a fixed block size, OPDLM admits multiple tokens per denoising step
whenever their predicted confidence exceeds a threshold y. Section 5.3 reports this trade-off on MATH-500
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with block size 4: throughput increases from 1 token/step at y = 1 (static decoding) to over 2 tokens/step
at v = 0.8, with a moderate accuracy cost.

Effect of block size. The block size used in training OPDLM models sets an upper bound on the parallelism
achievable at inference. Section 5.3 shows that at a fixed threshold v = 0.9, increasing block size from 4 to
16 raises throughput from ~2 to ~3.5 tokens/step, at some cost of accuracy.

5.5. OPDLM as a Task-Specific DLM

Post-training DLMs via reinforcement learning with verifiable rewards (RLVR) [17] is a prominent approach
for developing task-specialized experts [46]. However, because our framework distills knowledge directly
from an ARLM teacher, we can bypass the intermediate requirement of building a general-purpose DLM. If
an expert model is the primary objective, we can achieve this efficiently by training an OPDLM strictly on
task-specific data.

To ensure a fair comparison in Table 5, we train OPDLM on the same data used by TraDo [46]: 8K level
3-5 hard problems from the MATH training set [20]. The key difference lies in the starting point: TraDo
initializes from an SDAR-pretrained DLM and applies RL with verifiable rewards, whereas OPDLM starts
directly from the AR Qwen3 checkpoint and applies on-policy distillation with no rewards or pretrained
DLM stage. We train two variants: OPDLM-MATH, which distills the teacher in non-thinking mode, and
OPDLM-MATH-Thinking, which distills the teacher with its thinking behavior enabled.

6. Conclusion

We introduce On-Policy Diffusion Language Models (OPDLM), for converting autoregressive language models
(ARLMs) into diffusion language models (DLMs). Existing ARLM-to-DLM conversion methods face two
challenges: retaining knowledge from the original ARLM after changing the training objective and attention
pattern, and reducing the training—inference state mismatch between forward random masking during
training and reverse unmasking at inference. OPDLM addresses these challenges by adapting on-policy
distillation to DLM conversion. The student DLM is initialized from the ARLM, samples its own reverse
diffusion trajectories, and is supervised on those trajectories using token-level distributions from the original
frozen ARLM teacher. Empirically, OPDLM requires 15 x to 7,000 x fewer training tokens than prior DLM
baselines while achieving competitive performance across a broad range of tasks. These results reframe
ARLM-to-DLM conversion as an efficient post-training procedure, opening a practical path for adapting future
ARLMs into diffusion-based language models.
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Appendix

A. Additional Experimental Results

A.1. Results at Smaller Scales

Table 6: Main results across 0.6B and 1.7B scales.

0.6B Scale 1.7B Scale

Benchmark Simple-dLLM OPDLM-0.6B SDAR-1.7B Fast-dLLM-v2-1.5B OPDLM-1.7B
Tokens | 46B 55B 1B

FLOPs (1e18) | 165.6 561.0 9.0

MMLU 39.1 42.0 62.9 55.1 53.8
MMLU-Pro 13.8 20.4 37.0 24.1 31.1
GPQA-Diamond 22.2 24.0 29.8 24.8 26.8
IFEval 35.5 24.8 43.4 47.0 39.7
GSMSK 46.3 42.1 80.1 62.0 71.0
MATHS500 15.8 28.0 63.2 39.4 53.0
HumanFEval-Base 45.7 20.1 59.8 43.9 35.4
MBPP-Base 54.0 24.9 68.5 50.0 45.0

Table 6 reports OPDLM at 0.6B and 1.7B scales against Simple-dLLM [60], Fast-dLLM-v2 [49], and SDAR [8].
The trends mirror our main results: OPDLM matches or surpasses comparable-scale baselines on math and
reasoning benchmarks while using significantly fewer tokens, and underperforms on coding benchmarks

where our data corpus has limited coverage.

A.2. Effect of Teacher Model Size

Table 7: Effect of teacher size on OPDLM-MATH-4B and OPDLM-MATH-8B. Same-size teachers (self-
distillation) match or outperform a larger Qwen-32B teacher.

Model GSMS8K MATH500 AIME24
Qwen-4B (Non-thinking) 90.2 84.8 25.0
Qwen-8B (Non-thinking) 91.4 87.4 29.1
Qwen-32B (Non-thinking) 93.6 88.6 31.0
OPDLM-MATH-4B (from Qwen-4B) 83.8 75.8 10.0
OPDLM-MATH-4B (from Qwen-32B) 84.9 72.2 10.0
OPDLM-MATH-8B (from Qwen-8B) 86.2 76.6 23.3
OPDLM-MATH-8B (from Qwen-32B) 86.4 71.0 10.0
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Table 8: Effect of teacher size on OPDLM-0.6B. A larger Qwen3-4B teacher outperforms self-distillation, in
contrast to the results in Table 7.

Benchmark from Qwen3-0.6B from Qwen3-4B
(self-distillation)
MMLU 42.0 42.5
MMLU-Pro 20.4 19.3
GPQA-Diamond 24.0 18.2
IFEval 24.8 21.4
GSMS8K 42.1 47.9
MATHS500 28.0 36.2
HumanEval-Base 20.1 23.8
MBPP-Base 24.9 25.4

In our main experiments, OPDLM employs self-distillation: a 4B student is distilled from a 4B teacher, and
an 8B student from an 8B teacher. A natural question is whether the optimal teacher size depends on the
student scale.

Table 7 and Table 8 reveal an interesting finding. For larger students (4B and 8B), self-distillation matches or
outperforms a stronger Qwen-32B teacher. For smaller students (0.6B), self-distillation is no longer sufficient,
and a larger Qwen3-4B teacher provides some gains. We hypothesize that a 0.6B teacher does not provide
rich enough predictive signal on student-generated rollouts. Together, these results suggest the optimal
teacher—student configuration depends on student size: same-size teachers suffice for capable students
(4B+), while smaller students benefit from moderately larger teachers. A systematic study of this scaling
behavior is left to future work.

A.3. Additional Results for Multi-token Decoding

We extend the analysis in Section 5.4 along two complementary axes: block size and decoding confidence
threshold. Fig. 4 sweeps block size at four fixed thresholds, while Fig. 5 sweeps the threshold at three fixed
block sizes. Both figures evaluate three benchmarks (MATH-500, GPQA-Diamond, MBPP) to verify that the
trade-off generalizes beyond mathematical reasoning.

Across all configurations, the same accuracy-throughput trade-off holds: larger block sizes and lower
thresholds yield more tokens per denoising step at the cost of accuracy.

Fig. 6 reports the average number of tokens generated per denoising step over the course of training.
Throughput rises rapidly and stabilizes thereafter, suggesting that the model converges quickly to its block-
size-determined parallelism level. The relative ordering matches what we observe at inference time: block
size 16 achieves the highest throughput throughout training, followed by block size 8 and block size 4, with
block size 16 also showing the largest variance during the early phase.

A.4. Multi-Seed Evaluation on GPQA-Diamond, AIME-24, AIME-25

Table 9 reports OPDLM accuracy with standard deviations on GPQA-Diamond, AIME-24, and AIME-25.
As these benchmarks are small and single-run scores can fluctuate, we evaluate each model over multiple
random seeds and report mean =+ std.
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Table 9: Performance with std on GPQA-Diamond, AIME-24, AIME-25. We evaluate over N random seeds
and report mean =+ std.

Model GPQA-Diamond (N=8) AIME-24 (N=32) AIME-25 (N=32)
OPDLM-0.6B 24.0+2.3 - -
OPDLM-1.7B 26.8+1.3 - -
OPDLM-4B 29.14+2.7 14.4+3.7 12.6 3.6
OPDLM-4B think@eval - 11.2+4.4 13.6 +5.0
OPDLM-8B 36.1+2.2 14.7+3.4 12.4+5.0
OPDLM-8B think@eval - 18.6 4.2 19.44+4.2

A.5. Comparison with Supervised Fine-Tuning

In this sub-section, we extend the off-policy ablation to also measure the impact of training with the BD3LM
loss directly on our ARLM-generated data. We generate one response per prompt and apply the BD3LM
loss [2], training for one epoch with block size 4.

Table 10: Comparison of SFT and OPDLM under matched data and compute at the 4B scale. Both variants
are trained on the same prompt corpus for one data epoch. Bold: best in column.

Method MMLU MMLU-Pro GPQA IFEval GSM8K MATH500 AIME-24 AIME-25 HumanEval MBPP

SFT 66.6 48.4 29.7 447 86.8 75.4 12.4 10.4 65.9 58.7
OPDLM  65.5 46.3 29.1 53.8 87.6 72.8 14.4 12.6 56.1 57.7

Table 11: Effect of dynamic sampling on OPDLM and SFT at the 4B scale. We report accuracy under static
decoding (one token per step) and under dynamic sampling (confidence threshold=0.9). A is the per-
benchmark change under dynamic sampling. We also report the std for AIME benchmarks.

Method Decoding GSM8K MATH500 AIME-24 AIME-25 HumanEval MBPP

Static 87.6 72.8 14.4 137  12.6 +36 53.0 58.7
OPDLM Dynamic 86.0 71.6 12.5 36  14.7 +42 53.0 56.1
A -1.6 —-1.2 -19 +2.1 0.0 —2.6
Static 86.8 75.4 124 136 10.4 231 65.9 59.0
SFT Dynamic 83.9 71.2 13.4 +45 9.6 +22 59.8 58.5
A -29 —4.2 +1.0 —-0.8 —6.1 -0.5

We first observe that SFT on responses generated by the original ARLM is a simple and efficient recipe,
attaining performance comparable to OPDLM across benchmarks at the 4B scale using a block size of 4
(Table 10). We view this as a useful and previously underexplored insight; i.e., the setting in which an
ARLM produces the exact data later used to convert it into a DLM has rarely been studied, largely because
pre-training corpora are seldom released (with the exception of Zhou et al. [61], which instead collects data
from various data sources).

Despite their comparable performance on standard benchmarks, SFT and OPDLM diverge significantly under
dynamic-sampling-based decoding (Table 11). OPDLM is trained on its own generations, with the data
generated using dynamic sampling. As a result, its accuracy under dynamic sampling is highly robust, close
to that of one-token-per-step decoding. In contrast, the SFT model is trained on offline responses under
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random masking and exhibits a much larger average performance drop under dynamic sampling. This drop
highlights the train-inference divide native to standard DLMs, a limitation that SFT fails to address. Together,
these results suggest that the two approaches occupy complementary regimes: SFT on ARLM responses
offers a strong, efficient baseline, while OPDLM provides superior robustness across complex inference-time
samplers.

B. Experiment Details
B.1. Pretraining Datasets Details

Table 12: Pretraining dataset details.

Domain #Samples Sources

Math 20,222 DAPO, Nemotron-v2-Math

Code 21,594 TACO, KodCode-Light-RL, AceCode
Science 10,000 Nemotron-v2-STEM

Chat 10,000 Nemotron-v2-Chat

Total 61,816 -

Our pretraining corpus of 62K samples is constructed from a mixture of domains. For mathemtical reasoning,
we use 22k samples from DAPO [54] and Nemotron-v2-Math [13]. 20k samples of coding data was collated
from TACO [28], KodCode-Light-RL [51], and AceCode [55]. Finally, from Nemotron-v2 [33] we sample
10k examples of STEM and 10k examples of Chat.

B.2. Evaluation Benchmark Details
For evaluation dataset, we use the following datasets

* General Knowledge & Instruction Following: MMLU [19], MMLU-Pro [47], GPQA-Diamond [38],
IFEval [59], CEval [24], LiveBench [48].

e Mathematics & Reasoning: GSM8K [9] , MATH-500 [19], AIME-24 [57], AIME-25 [11], LMB-Hard [14],
Zebral.ogic [29].

* Code Generation: HumanEval [7], MBPP [4], LiveCodeBench-v6 [26], Codeforces [36].

e Multilingual: MMMLU-lite [47], INCLUDE-lite [39], MT-AIME2024 [43], MLogiQA [56].

For evaluation, we apply the official Qwen3 chat template [52]. For mathematics benchmarks, we ap-
pend the instruction “Please reason step by step, and put your final answer within
\boxed{}.” to each prompt. For multiple-choice benchmarks, we use “Please show your choice
in the answer field with only the choice letter, e.g., \"answer\": \"C\".”

B.3. Hyperparameters

Table 13 lists the hyperparameters for general-purpose OPDLM. For OPDLM-MATH (Section 5.5), we override
only the parameters in Table 14; non-thinking and thinking variants differ only in rollout length.

B.4. FLOPs Calculation

We follow the following FLOP estimation [27]: a forward pass through a model with N parameters costs
approximately 2N FLOPs per token, and a forward + backward pass costs approximately 6N FLOPs per
token. In OPDLM, the teacher is queried in inference mode (forward only) and the student is updated via
gradient descent (forward + backward), so the total training FLOPs are estimated as
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Table 13: Hyperparameter settings for General-Purpose OPDLM training.

Hyperparameter Value
Number of data epochs 1
Tasks per rollout 128
Effective training batch size 8
Learning rate 1x10°5
Final learning rate 1x107°
Learning rate schedule Cosine with warmup
Warmup steps 5
Rollout block size 4
Rollout temperature 1.0
Initial maximum rollout length 100
Final maximum rollout length 4,000
Rollouts to reach final generation length 10
Remasking strategy Dynamic
Dynamic remasking confidence threshold 0.9
Divergence Forward KL

Table 14: Hyperparameter overrides for OPDLM-MATH training. All other hyperparameters follow Table 13.

Hyperparameter Value
Number of data epochs 10
Final maximum rollout length (non-thinking/thinking) 2,000/8,000
Rollouts to reach final generation length (non-thinking/thinking) 10/20
FLOPs ~ 2Z\]teacher T + 6I\Istudent - T, (7)

where T is the total number of training tokens, computed as the number of training samples times their
generation length. Generation lengths follow a curriculum schedule (Table 13 and Table 14), and T is summed
over all rollout stages. We note that the student forward pass during training operates in block-diffusion
mode at roughly 1.5 tokens/step rather than 1 token/step; the formula above conservatively assumes one
student forward per token, slightly overestimating the FLOPs charged to OPDLM.

B.5. Compute Usage

Compute Usage. Final model checkpoints were trained on H200 GPUs, while ablations and intermediate
experiments were conducted on A6000 and A100 GPUs. Notably, our training pipeline is lightweight enough
that all models below 4B parameters can be trained on as few as 2 A6000 GPUs.

C. Limitations, Future Directions and Broader Impacts

Limitations Although OPDLM achieves competitive performance on a wide range of benchmarks, there is
still room for improvement on certain tasks compared to the strongest baselines. We believe that improving
data quality is a key direction for further performance gains. However, the pretraining datasets used by most
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baselines are not publicly available, making controlled comparisons difficult. Furthermore, while we explore
thinking-mode distillation in the specialized math setting, expanding this reasoning distillation to broader,
more general datasets remains an area for future work.

Future Directions

* Data preparation. Our experiments use a ~60K-prompt corpus assembled from publicly available sources.
Building a high quality and more diverse training corpora is a promising direction. Given OPDLM’s strong
data efficiency, investments in data curation are likely to introduce substantial performance gains.

* Reasoning distillation at scale. We explored thinking-mode distillation only in the specialized math
setting (Section 5.5), where it substantially boosts performance on hard reasoning benchmarks (e.g.,
AIME24 reaching 50% at 8B). Extending chain-of-thought distillation to general-domain training would
test whether OPDLM can transfer richer reasoning behaviors beyond mathematics, and is a natural next
step toward a fully general thinking-enabled diffusion LLM.

* Cross-size and cross-family distillation. All main experiments use self-distillation between same-
size, same-family teacher and student models, which may limit quality of the supervision signal. A
preliminary ablation (Section A.2) suggests that naively switching to larger teachers may not automatically
help, motivating a more careful study of how teacher-student model size mismatches affect the final
performances. Distillation across model families (e.g., Llama and Qwen models) is also worth investigating.

Broader Impact Our work studies the efficient conversion of autoregressive language models (ARLMSs) into
diffusion language models (DLMs), and carries implications across both efficiency and societal dimensions.
First, OPDLM substantially reduces the training cost of obtaining a DLM, requiring up to 7000x fewer
training tokens than from-scratch DLM pre-training. This directly lowers the energy footprint of producing
competitive generative models, contributing toward more sustainable development of large-scale Al systems.
Second, ARLMs decode one token per step, which becomes prohibitive for long-form generation. By framing
ARM-to-DLM conversion as a post-training procedure, OPDLM offers a natural path to faster inference
through parallel multi-token decoding, further reducing the energy cost of deployment at scale. Finally,
OPDLM:s inherit the broader risks associated with generative Al systems, including the potential to reflect or
amplify biases present in pre-training and post-training data. We encourage practitioners deploying OPDLMs
to apply standard mitigations such as bias auditing, content filtering, and downstream alignment.
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Accuracy and Tokens per Step vs. Block Size
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Figure 4: Effect of block size at different decoding thresholds across MATH-500, GPQA-Diamond, and MBPP.

Each row corresponds to a fixed threshold « € {0.95,0.90,0.85,0.80}.
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Accuracy and Tokens per Step vs. Threshold
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Figure 5: Effect of decoding threshold at different block sizes across MATH-500, GPQA-Diamond, and MBPP.
Each row corresponds to a fixed block size € {4,8,16}.
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Figure 6: Training curves showing the average number of tokens generated per denoising step across block
sizes. Larger block sizes produce more tokens per step, with block size 16 exhibiting the highest average
token throughput during training.
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