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Abstract

Diffusion language models (DLMs) alleviate
the inherent latency bottleneck of autoregres-
sive (AR) large language models (LLMs), but
their degraded generation quality limits prac-
tical applicability. Although knowledge distil-
lation (KD) can be a promising direction for
improving performance, we empirically find
that naively applying conventional KD yields
only marginal gains, or even degrades genera-
tion quality. Based on these observations, we
propose a novel self-distillation framework for
DLMs, namely SelFusion. To enable effective
KD without an external teacher model, SelFu-
sion performs two forward passes with different
masking levels, defining the hard mode with a
larger masking probability and the easy mode
with a smaller masking probability. However,
the easy mode is not always more accurate than
the hard mode and can be overconfident on
incorrect tokens. Thus, we introduce bidirec-
tional KD between the two modes, which can
dynamically determine the distillation direc-
tion based on token-level correctness. Experi-
mental results on instruction-following tasks
show that the proposed self-distillation sub-
stantially outperforms other KD methods with
external LLM and DLM teachers. In many
configurations, the student trained with SelF-
usion even surpasses the performance of the
LLM teacher, providing a practical path toward
improving DLM generation quality. Source
code can be found at https://github.com/
selfusionofficial/SelFusion_ACL.git

1 Introduction

Recently, diffusion language models (DLMs) have
emerged as a compelling alternative autoregressive
(AR) large language models (LLMs). By lever-
aging parallel decoding mechanisms, DLMs offer
faster inference capabilities, making them highly
suitable for real-time applications. LLaDA (Nie
et al., 2025b) and SMDM(Nie et al., 2025a) have
demonstrated notable inference speedups over AR
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Figure 1: Rouge-L scores on the Dolly dataset. Existing
KD methods for DLMs often underperform the SFT
baseline, regardless of whether the teacher is DLM or
LLM. In contrast, SelFusion significantly outperforms
all baselines at the same model size.

counterparts. However, DLMs typically under-
perform LLMs in terms of generation quality due
to their non-autogresive (NAR) nature (Nie et al.,
2025b,a; Sahoo et al., 2024).

To bridge this performance gap, knowledge dis-
tillation (KD) (Hinton et al., 2015) can be a promis-
ing direction, enabling a student to mimic the
behaviors of a strong teacher. In the context of
LLMs, KD has been extensively studied and is typ-
ically categorized into two strategies. First, logit-
level KD performs distribution matching between
teacher and student, which is the most common
approach (Chen et al., 2024; Gu et al., 2024a).
Second, sequence-level KD trains the student on
teacher-generated text, reamaining useful when
teacher distributions are inaccessible (Kim and
Rush, 2016). While these strategies have proven
effective in improving LLMs, their extension to the
DLMs remains largely underexplored.

To examine the applicability of KD to DLMs,
we distill DLM students from both LLM and DLM
teachers. Surprisingly, as shown in Figure 1, dis-
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tilled students achieve only marginal gains, or even
exhibit performance degradation. In the case of
LLM-to-DLM distillation, the distribution mis-
match between the AR teacher and the NAR stu-
dent limits the effectiveness of logit-level knowl-
edge transfer, which will be further discussed in
Section 3.1. Sequence-level KD relies solely on
teacher-generated outputs and thus provides im-
provements over logit-level supervision, but re-
mains limited in terms of performance gains. More-
over, DLM-to-DLM KD scenarios remain subopti-
mal, largely due to the limited generation quality
of the DLM teacher.

Motivated by these observations, we propose
SelFusion, a novel self-distillation framework for
DLMs. Specifically, SelFusion leverages the nois-
ing process of DLMs to enable two forward modes
within a single model, namely the easy mode and
the hard mode. The input to the easy mode has
a lower masking ratio than that of the hard mode.
Since fewer tokens are masked, the easy mode is
expected to yield more accurate predictions and
provide more beneficial knowledge for KD. How-
ever, it is not always more accurate than the hard
mode and can also be overconfident on incorrect to-
kens. Thus, we introduce bidirectional KD between
the easy and hard modes, dynamically determining
the distillation direction by evaluationg token-level
correctness.

We evaluate SelFusion on multiple instruction-
following benchmarks against existing KD meth-
ods. The proposed self-distillation consistently out-
performs conventional KD baselines that depend on
external teacher models across all configurations.
More surprisingly, SelFusion even surpasses the
teacher models, including both DLMs and LLMs.
These results suggest that self-distillation with two
modes effectively transfers knowledge within a sin-
gle model.

2 Related Work

2.1 Diffusion Language Models

DLMs for text generation can be categorized
into continuous and discrete methods. Continu-
ous methods embed tokens into continuous space,
while discrete methods operate directly on token
space (Gulrajani and Hashimoto, 2023). Recently,
masked diffusion has been predominantly adopted
among discrete approaches, where the forward pro-
cess progressively masks tokens and the reverse
process learns to predict them (Sahoo et al., 2024;

Lou et al., 2024; Nie et al., 2025a,b). Generally,
increasing the number of denoising steps improves
generation quality. LLaDA scaled masked diffu-
sion to 8B parameters, demonstrating the potential
of DLMs for fast inference through parallel gener-
ation (Nie et al., 2025b). Despite these advances,
DLMs still lag behind AR models in generation
quality. For instance, recent DLMs underperform
AR baselines by 10-32% in perplexity (Nie et al.,
2025b). This gap highlights the need for further
improvements in DLM generation quality.

2.2 Knowledge Distillation for Language
Models

KD (Romero et al., 2015; Shridhar et al., 2023;
Hsieh et al., 2023; Li et al., 2024; Jung et al., 2025)
is a promising approach to improve model perfor-
mance by transferring knowledge from a teacher
model. Early work in AR models proposed logit-
level KD that matches output logits (Hinton et al.,
2015), followed by sequence-level KD that trains
on teacher-generated sequences (Kim and Rush,
2016). Recent advances have improved distilla-
tion for generative models. MiniLLM (Gu et al.,
2024a) addressed the limitations of forward KL di-
vergence by proposing reverse KL divergence with
on-policy optimization for instruction-following
tasks, while GKD (Agarwal et al., 2024) explored
on-policy distillation using student-generated sam-
ples. Self-distillation methods have also shown
promise by training models to match their own
predictions from different configurations (Hahn
and Choi, 2019; Yoon et al., 2023; Yang et al.,
2024). However, KD for DLMs to improve gen-
eration quality remains largely unexplored. Fur-
thermore, existing work on DLM distillation has
primarily focused on the pretraining phase, leaving
post-training distillation scenarios unaddressed.

3 Methodology

3.1 Motivation

LLM-to-DLM Distillation. As aforementioned,
logit-level distillation from an AR teacher is often
ineffective due to distribution mismatch. We em-
pirically observe that AR models assign near 100%
probabilty so to the top-1 token, whereas DLMs
exhibit approximately 60% probability at a 50%
masking ratio. This gap hinders effective knowl-
edge transfer, as the student struggles to match
the teacher’s spiky predictions. We also provide a
detailed analysis of this mismatch in Section 4.3.4.
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Figure 2: Overall architecture of SelFusion. The framework comprises easy and hard modes that generate tokens
under more and less masked context, respectively. Bidirectional KD determines the distillation direction based on

token-level correctness.

DLM-to-DLM Distillation. In the DLM-to-
DLM setting, distillation is limited by the absence
of sufficiently high-quality DLM teachers. Even
when DLM teachers are available, their generation
quality remains substantially lower than that of
AR models. As a result, logit-level KD yields only
marginal gains relative to its increased training cost.
Sequence-level KD also shows limited effective-
ness, even when the teacher generates outputs with
more denoising steps.

3.2 SelFusion

Based on our findings that DLMs lack an effective
teacher for KD, we propose a novel self-distillation,
namely SelFusion. The overall process of SelFu-
sion is illustrated in Figure 2.

Two Modes with Different Masking. The key
idea is to leverage the noising process of DLMs
to construct ‘easy mode’ and ‘hard mode’ within
the same model. Specifically, while the hard mode
follows the original random masking scheme, the
easy mode is designed to use a lower masking ra-
tio to expose more context, resulting in relatively
higher masking ratios for the hard mode. As a
result, the easy mode is expected to yield more
accurate predictions. For example, in our experi-
ments, the easy mode assigns approximately 10%
higher probability to the correct token than the
hard mode throughout training. This behavior is
consistent with prior KD studies that emphasize
student-friendly teachers, which maintain output
distributions close to the student (Gu et al., 2024a;
Kim et al., 2024; Lee et al., 2024). The easy mode
tends to serve as the teacher for the hard mode, as

it applies less masking and can thus provide rel-
atively more accurate knowledge. Further details
are provided in Section 4.3.3.

Bidirectional KD. However, the easy mode with
lower masking does not always guarantee correct
predictions, which motivates us to adaptively deter-
mine the distillation target. Therefore, we addition-
ally present bidirectional KD, where the distillation
direction for each token is determined based on cor-
rectness and confidence, considering three cases:

* Both correct: When both modes predict cor-
rectly, the mode assigning higher probability
to the predicted token serves as the distillation
target.

* Both wrong: When both modes predict incor-
rectly, the mode assigning higher probability
to the ground-truth token serves as the distil-
lation target.

* One correct: When only one mode predicts
correctly, that mode serves as the distillation
target.

Formally, the token-level distillation direction D,
is defined as follows:

e — h, if ce > cp,
Dy = h — e, if ¢, > ce,
arg max pm(ye | ), ifcp = ce.
meh,e
(D

where ¢;, and c. are binary indicators of correct-
ness for the hard and easy mode predictions, re-
spectively. Distillation therefore follows the more
reliable prediction at the token level.
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Figure 3: Comparison of average prediction probabil-
ities for masked tokens in the Dolly dataset for LLM
and DLM. For a fair comparison, we compute token
probabilities using the same token prediction procedure
as in training. Unlike AR models, DLMs exhibit flatter
distributions, especially at higher MR.

RMSNorm-based Logit Calibration. Since the
easy mode has access to more context during to-
ken generation, it tends to produce overconfident
predictions. Figure 3 shows that lower masking
ratios lead to more peaked distributions. More im-
portantly, this overconfidence occurs not only on
correct tokens but also on incorrect ones. Given
that both modes predict incorrectly in approxi-
mately 40% of cases, such overconfidence from
the easy mode can hinder effective distillation. To
address this, we apply RMSNorm-based logit cal-
ibration. Specifically, we insert RMSNorm be-
tween the final hidden state and the LM head of the
easy mode. This selectively suppresses overcon-
fidence, preserving confidence for correct predic-
tions while substantially reducing it for incorrect
ones. With only 1,280 parameters, RMSNorm al-
leviates overconfident predictions, enabling more
effective knowledge transfer. Further analysis of
RMSNorm is provided in Section 4.3.1.

3.3 Objective Function for SelFusion

SelFusion jointly optimizes the hard mode diffu-
sion loss, the easy mode diffusion loss, and the
token-wise bidirectional distillation loss. Let = be
an input sequence and y; the ground-truth token at
position .

Masking Process and Notation. For each mode
m € {e, h}, we sample a noise level u(™ € (0, 1)
and define the per-position masking probability as
follows:

(m)

g = (1—e)u™ +e )

where € is a small constant. We then sample a

(m)

binary mask variable z;~ ~ Bernoulli(ql(m)) in-
dependently for each position ¢. If zi(m) = 1, the to-
ken at position 7 is replaced by the special [MASK]
token; otherwise it remains visible. We denote by
My, = {i | zi(m) = 1} the set of masked posi-
tions in mode m. The model output distribution at
position ¢ in mode m is denoted by Pi(m) ().

Diffusion Losses for Easy and Hard Mode. We
compute the diffusion token-prediction losses over
the masked positions, reweighted by the corre-
sponding masking probabilities, which are defined
as

—1ogP " (i
= 2 B

1EMy, q;
log P (e ) yz)
iy = > )
’M ’ 1EMe
Bidirectional KD Loss. Let D be the set of dis-

tillation positions. For each i € D, the distillation
direction D; € {e — h, h— e} is determined by
the rule defined in Eq. (1). With temperature 7', we
define the temperature-scaled distributions from

(m)

the logits z; " as follows:

Pl(gf)() = softmax( /T) (5)

where V denotes the vocabulary (with size |V)),
where zi(m) € RV denotes the logits at position
i under mode m € {h,e}. We use the Kullback-
Leibler (KL) divergence to measure the discrep-
ancy between two output distributions. The bidi-

rectional KD loss is given by

Lpka = D] ZKL Pz(,JT)”]Di(,I;‘)): (6)
1€D

where (j,k) € {(e, h), (h,e)} depending on the
direction D;.

Total Objective.
be calculated as

The final training objective can

h
['SelFusion = »C((hf)f + E((jeﬂ)cf + »Cbkd' @)
Since both modes share the same parameters, the
combined loss updates both modes simultaneously
in a single backward pass.



Method Model Size Dolly Self-inst Vicuna Sinst Uinst
LLM;eq 24.4765 11.0382 14.9436 232118 27.1273
DLM;.q (8 Steps) 1476M | 17.2631 9.7284 12.4577 22.6308 21.9190
SFT DLM¢cq (16 Steps) 18.6108 10.5172 14.7385 24.3427 23.9995
LLM;¢y, 25.5660 11.1115 14.6017 22.4033 25.2105

DLM;¢., (8 Steps) 472M 18.7688 10.6877 15.0473 24.7139 23.843
DLM¢u (16 Steps) 19.5204 11.6416 16.3351 25.7185 25.5245

Method KD Steps Dolly Self-inst Vicuna Sinst Uinst
. LLM¢cq —DLMg¢y 15.1075 8.7333 14.3417 16.5709 17.8998

Logit-level KD
DLM¢cq—DLMsty, 17.2276 9.8326 14.4729 20.4459 19.8666
LLM;cq —DLMg¢y 8 18.8576 10.0266 14.3811 22.4884 22.6125
Seqg-level KD
DLM;cq—DLMg¢y 14.6822 8.3684 14.6454 16.2587 17.1783
Ours, SelFusion DLM;¢y++DLMgiy 21.3926 12.0022 16.6586 26.3464 26.4189
. LLM;cq —DLMg¢y 15.3833 9.0501 15.4732 16.5188 17.9967
Logit-level KD
DLM;cq—DLMgty, 17.6549 10.1753 16.0814 21.4601 21.4262
LLM;cq—DLMg¢y 16 19.9478 11.0604 16.1340 23.7022 24.4449
Seg-level KD

DLM;cq—DLMg¢y 15.5604 9.5634 16.4462 16.9650 18.4398
Ours, SelFusion DLM;¢y++DLMgiy 21.6317 12.8707 17.0788 27.0745 27.8595

Table 1: Performance comparison on multiple evaluation datasets. The first block reports SFT results of the teacher
and student baselines, where LLM;., and DLM,., denote the teacher models and LLMg;, and DLM,;, denote
the student baseline models. The second block reports KD results, where the KD column indicates the distillation

direction. Bold indicates the best result.

4 Experiments

4.1 Experimental Settings

Datasets. Following previous studies (Gu et al.,
2024a; Kim et al.,, 2024), we evaluated on
instruction-following tasks, where the model gen-
erates responses conditioned on instructions. We
used Databricks-Dolly-15K (Conover et al., 2023)
as our training dataset, with 12K samples for train-
ing and 500 samples for evaluation. We evalu-
ated on five instruction-following benchmarks, in-
cluding Dolly (500 samples), Self-Inst (252 sam-
ples) (Wang et al., 2023), Vicuna (80 samples)
(Peng et al., 2023), and the [11,+00) response-
length subsets of S-NI (1,694 samples) (Wang et al.,
2022) and UnNI (23,916 samples) (Honovich et al.,
2023).

Models and Training Setup. All experiments
were conducted using SMDM architectures with
472M and 1476M parameters (Nie et al., 2025a),
with the number of training epochs fixed to 20. To
identify the optimal configuration for each model
and method, we explored various learning rates
and epochs. Comprehensive details regarding the

hyperparameter search space and final configura-
tions are provided in the Appendix A. All models
were evaluated using the checkpoint from the final
training step. Experiments were executed on four
NVIDIA H200 GPUs (141GB memory each).

Evaluation Configurations. Following prior
work on DLMs (Nie et al., 2025a), we fixed the
classifier-free guidance (CFG) scale to 1.0 for all
DLMs. For LLMs, the sampling temperature was
set to 1.0 during evaluation. Generation quality
was assessed using the ROUGE-L metric (Lin,
2004), which is widely adopted for evaluating
instruction-following text generation. We evalu-
ated each benchmark using three different random
seeds and report the average across the three runs.
Additional implementation and training details are
provided in the Appendix A.

4.2 Experimental Results

Firstly, we evaluated conventional logit-level and
sequence-level KD in both the LLM-to-DLM
and DLM-to-DLM settings, as shown in Table 1.
For logit-level KD, we minimized the KL diver-
gence between the teacher and student distribu-
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Figure 4: Analysis of RMSNorm effect on SelFusion. We analyze tokens that are masked in both modes. (a) shows
the probability distribution when both modes are correct, while (b) shows the case when both modes are incorrect.
Easy mode uses 50% masking ratio (MR), and hard mode uses 75% MR.

tions. Since the student was a DLM, we applied
the KD loss only to the masked tokens, follow-
ing the DLM generation principle. In the case of
sequence-level KD, we trained the student with
teacher-generated outputs, as described in Sec-
tion 2. This approach required the teacher that
could generate high-quality target sequences to pro-
vide effective supervision (Kim and Rush, 2016).
Prior work showed that DLMs’ generation qual-
ity can be improved by increasing the number of
diffusion steps (Deschenaux and Gulcehre, 2025;
Nie et al., 2025a; Chen et al., 2025). Thus, in
the DLM-to-DLM setting, we generated teacher
pseudo-targets using 64-step inference and per-
formed sequence-level KD on these sequences. We
presented results for 8 and 16 diffusion steps in
Table 1.

We began by evaluating LLM-to-DLM distil-
lation with 8 diffusion steps. From the results,
it is confirmed that logit-level KD with the LLM
teacher led to substantial performance degradation.
For example, on Dolly, the score dropped to 15.11,
compared to 18.77 for the DLM SFT baseline. This
trend was consistent across all benchmarks, indicat-
ing that direct logit matching from the LLM teacher
to the DLM student was ineffective. Sequence-
level KD also did not surpass the DLM SFT base-
line on most benchmarks, with Dolly as the only
exception. We next evaluated DLM-to-DLM dis-
tillation using the pretrained DLM teacher. Distil-
lation did not improve over the SFT baseline. For
example, on Uinst with 8 diffusion steps, the DLM
SFT model achieved 23.84, whereas logit-level KD
reached only 19.87. Sequence-level KD further

exhibited performance drops across benchmarks.
These results suggested that the DLM teacher’s
generation quality was insufficient to provide ben-
eficial knowledge at either the sequence or logit
level.

In contrast, the proposed self-distillation method
achieved substantial performance gains without re-
lying on any external teacher model. Table 1 shows
that SelFusion outperformed the strongest compet-
ing baseline, LLM-to-DLM sequence-level KD, by
2 to 4 points, corresponding to an approximate
25% relative improvement. Compared with the
DLM SFT baseline, it consistently improved per-
formance by 1.5 to 3 points across all five bench-
marks. Notably, SelFusion also surpassed the LLM
teacher on multiple benchmarks. For example, Sel-
Fusion achieved 12.87 on Self-inst and 17.08 on
Vicuna, exceeding the LLM teacher scores of 10.95
and 14.90, respectively. It also improved from
23.17 to 27.07 on Sinst and from 27.06 to 27.86 on
Uinst. Overall, these results demonstrated that our
self-distillation design provides a practical path for
DLMs, requiring no external teacher and introduc-
ing only 1,280 additional parameters.

4.3 Analysis

4.3.1 Logit Calibration by RMSNorm

We applied RMSNorm-based logit calibration to
mitigate overconfident predictions from the easy
mode. As shown in Figure 4, RMSNorm selec-
tively calibrated confidence depending on predic-
tion correctness. When both modes were correct,
RMSNorm moderately reduced the top-1 probabil-
ity from approximately around 90% to about 60%.



Method Steps Dolly Self-inst Vicuna Sinst Uinst
SelFusion 21.6317 12.8707 17.0788 27.0745 27.8595
. 13.6755 8.5558 10.6129 21.8953 20.9376
w/o bidirectional KD 16
(-7.9562) (-4.3149) (-6.4659) (-5.1792) (-6.9219)
17.3566 11.0430 16.4204 21.2283 21.9992
w/o RMSNorm
(-4.2751) (-1.8277) (-0.6584) (-5.8462) (-5.8603)

Table 2: Ablation results of SelFusion. We perform ablation studies by individually removing bidirectional KD and
RMSNorm. Across all benchmarks, removing either component leads to consistent performance degradation.
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Figure 5: Training accuracy comparison between SelFu-
sion and the naive KD baseline. Naive KD uses a fixed
one-way distillation direction between the two modes,
Easy—Hard. Accuracy is evaluated only on the masked
positions for each of the Easy and Hard modes, which
use different masking ratios.

More importantly, when both modes were incorrect,
RMSNorm substantially suppressed the overconfi-
dent probability from around 40% to about 10%,
approximately 75% reduction. This stronger cal-
ibration on incorrect predictions was crucial, as
it prevented learning from unreliable signals. Ta-
ble 2 further confirmed that removing RMSNorm
resulted in consistent performance drops, indicat-
ing its importance in suppressing overly confident
incorrect predictions during distillation.

4.3.2 Effect of Bidirectional Distillation

As illustrated in Figure 2, the token-level distilla-
tion direction dynamically switched between the
easy and hard modes based on accuracy and confi-
dence. Rather than enforcing a fixed easy to hard
mode distillation hierarchy, bidirectional KD al-
lows each mode to guide the other when it produces
more confident predictions. Figure 5 further pro-
vided quantitative evidence of this behavior. Under
identical settings, restricting distillation to a Un-
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Figure 6: Step-wise comparison of the mean probability
assigned to the ground truth tokens by the easy and hard
modes during training.

der identical settings, when restricting distillation
to a unidirectional scheme from the easy mode to
the hard mode, as denoted by Naive KD in the
figure, we observed an approximately 1% drop
in masked token accuracy for both modes during
training. Consistent with this observation, Table 2
showed that removing bidirectional KD led to sub-
stantial performance drops across all benchmarks,
indicating that dynamically selecting the distilla-
tion target is important for self-distillation. Ap-
pendix A.4 further discussed whether bidirectional
KD demonstrates distillation between the easy and
hard modes.

4.3.3 Token-level Probability Comparison of
Easy and Hard Modes

To verify whether the easy mode assigns higher
probability to ground-truth tokens than the hard
mode, we analyze the model outputs under a con-
trolled masking setup. We evaluated step-wise
checkpoints of SelFusion by fixing the hard mode
masking ratio to 60% and using a reduced ratio of
30% for the easy mode, where the easy mode mask



Method KD Steps Dolly Self-inst Vicuna Sinst Uinst

) LLM;eq—DLMgty, 14.7424 8.9812 15.2372 15.6568 17.1595
Logit-level KD
DLM;¢q—DLMgty, 15.9906 9.8436 17.2801 16.9256 18.6831
LLM;cq—DLMg;y, 32 20.1426 11.7443 16.6505 24.1393 25.1063
Seq-level KD

DLM¢eq—DLMgty, 15.9906 9.8436 17.2801 16.9256 18.6831
Ours, SelFusion DLM;¢y <>DLMgyy, 21.7828 12.4917 17.1310 27.1185 28.1247

Table 3: Ablation on larger diffusion steps. We evaluate DLMs with 32 diffusion steps to assess generalization
beyond the main 8 and 16 step settings. Bold indicates the best result.
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Figure 7: Mean top-k token overlap between LLM and
DLM fine-tuned on the Dolly dataset. For each position,
overlap is computed as |SEEM N SPIM| /K where S,
denotes the set of top-k predicted tokens.

was constructed as a subset of the hard mode mask.
We then measured the mean probability assigned
to ground truth tokens over this shared masked sub-
set. Figure 6 compared the resulting probabilities
across training steps. The easy mode consistently
assigned higher probability to the correct token
than the hard mode, with the gap increasing from
approximately 6% to about 10% over training. This
observation supported our design intuition of treat-
ing the easy mode as the teacher and the hard mode
as the student. Importantly, the easy mode main-
tains an output distribution that is more closely
aligned with the student model, thereby facilitat-
ing effective knowledge transfer in line with prior
student-friendly KD principles (Gu et al., 2024b;
Kim et al., 2024).

4.3.4 Distribution Mismatch between LLMs
and DLMs

The primary challenge of LLM-to-DLM distillation
stemmed from logit distribution mismatch caused

by different generation mechanisms. We catego-
rized this mismatch into two types: (1) top-k logit
scale mismatch and (2) top-k token mismatch. As
shown in Figure 3, LLMs and DLMs exhibited dif-
ferent probability scales. While LLMs exhibited
peaked distributions where the top-1 token dom-
inated, DLMs showed flatter distributions due to
their parallel generation nature. Additionally, Fig-
ure 7 showed limited top-k token overlap between
LLMs and DLMs. The top-1 overlap was approx-
imately 60%, and decreased as k increased. Due
to these mismatches, direct logit-level distillation
from LLMs to DLMs remained challenging. SelF-
usion avoided these mismatches by leveraging the
inherent generation mechanism of DLMs, enabling
effective distillation to achieve high-performance
DLM:s.

4.3.5 Generalization on Larger Steps

We further evaluated its generalization to larger
diffusion step settings. Beyond the standard 8 and
16 steps, we additionally evaluated 32-step infer-
ence. As shown in Table 3, SelFusion consistently
outperformed baseline distillation methods under
larger-step settings, suggesting that its gains were
not specific to a particular step configuration.

5 Conclusions

In this paper, we propose SelFusion, a novel self-
distillation framework that enables effective logit-
level KD for DLMs. By leveraging different mask-
ing ratios with simultaneous forward passes, we de-
compose the model into two modes. This provides
a more suitable distribution for learning, enabling
effective training within a single model. Exper-
imental results show that SelFusion outperforms
conventional KD methods without relying on exter-
nal teacher models.



Limitations

Despite SelFusion’s consistent performance gains,
several limitations remain. First, the current avail-
ability of DLM backbones is limited, constraining
validation across a broader set of architectures. Sec-
ond, our evaluation is limited to instruction tuning
in English, leaving broader domains and multilin-
gual settings for future work. Despite these limita-
tions, SelFusion offers a practical advantage as a
distillation framework that does not rely on external
teacher models, including LLMs or DLMs.

Ethical Considerations

This work does not raise any ethical concerns.
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A Appendix

A.1 Training Configuration

We present the detailed training configurations
used in our experiments in Table 4. We deter-
mined the optimal learning rates through grid
search, taking into account both model scale and
architectural differences. For the 1.4B teacher
models, including both AR and DLM architec-
tures, we explored a wider range of learning rates,
{le-5,5e-5, le-4,2e-4}, due to their distinct ar-
chitectural characteristics. For the 0.472B DLM
target models, we conducted grid search over
{be-5, le-4,2e-4}. The table also reports hyper-
parameters shared across all experimental settings.
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Stage Setting Value
DLM (472M) 5x107°
-5

SFT DLM (1.476B) 1x10
LLM (472M) 2 x 1074
LLM (1.476B) 1x1074
DLM—DLM (logit KD) 5x107°
kp PLM—DLM (seq KD) 5x 1075
LLM—DLM (logit KD) 5x 1075
LLM—DLM (seq KD) 5x107°
Shared hyperparameters Value
# devices 4
Global batch size 512
Max tokens 256
Epoch (final) 20
LR decay enabled
Warmup ratio 0.05
Min LR LR/10
Weight decay 0.1
Adam betas (0.9, 0.95)
Grad clip 1.0
Seed 3407

Table 4: Selected hyperparameters from grid search and
shared training settings.

A.2 Prompt Formatting for Instruction
Tuning

We standardized the instruction tuning data by con-
verting each example into a Dolly style prompt
template. Specifically, when an example contains
an input field, we construct the prompt as follows:

Below is an instruction that describes a task,
paired with an input that provides further
context. Write a response that appropriately
completes the request.

### Instruction:
{instruction}

### Input:
{context}

### Response:

When the input field is absent, the following
template is used:
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Figure 8: Masked-token prediction accuracy comparison between the easy and hard modes. The left plot evaluates
both modes on hard mode masked positions, and the right plot evaluates both modes on easy mode masked positions.
Note that a token masked in one mode may remain visible in the other mode. Thus, for a token masked in one mode,
the counterpart mode may observe the ground truth token at that position.

Below is an instruction that describes a task.
Write a response that appropriately completes
the request.

### Instruction:
{instruction}

### Response:

All datasets used in our experiments are publicly
available from the MiniLLLM data release:
https://github.com/microsoft/LMOps/tree/
main/minillm

A.3 Masking Strategy for Easy and Hard
Modes

We specify the masking configuration for the easy
and hard modes following the standard DLM nois-
ing procedure. Given an input sequence x €
{0,...,V — 1}*, we sample a noise level ¢t ~
U(0,1) for each example and convert it into a to-
ken masking probability

(1-otte ®)

where € is a small constant to avoid degenerate
masking. We then independently mask each posi-
tion ¢ with probability pmask (f) and replace masked
tokens with a dedicated mask token (implemented
by using the vocabulary index V'):

X

To construct paired easy and hard modes within a
single training step, we first sample the hard mode

pmask(t) —

[MASK]  with prob. pmask (),

otherwise.

©))

T
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noise level thyq ~ U(0,1). We then sample the
easy mode noise level conditioned on it as

teasy ~ M(O, thard)7 (10)

which ensures teasy < thard and thus pmagk (teasy) <
Pmask (thard)- Accordingly, the easy mode observes
more visible context (lower masking), while the
hard mode operates under reduced visibility (higher
masking). Although the easy mode masking ratio
is determined by conditioning on the hard mode
noise level, the specific masked token positions are
sampled independently for the two modes.

A.4 Token level Accuracy Comparison Details

To examine whether bidirectional KD is activated
during training, we analyze the probability that
only one of the two modes correctly predicts a
masked token. As shown in Figure 8, we measure
this probability on masked token positions for each
mode. In the left plot, which evaluates hard mode
masked tokens, we observe that only the hard mode
predicts the correct token in approximately 6% of
cases, whereas the easy mode alone is correct in
about 37% of cases. In contrast, in the right plot
corresponding to easy mode masked tokens, the
hard mode correctly predicts the token in around
20% of cases, while the easy mode alone is correct
in only about 15% of cases. These results indi-
cate that even on its own masked positions, the
easy mode is not always more accurate, and the
hard mode can provide more accurate token predic-
tions depending on the masking configuration. This
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‘ Step ‘ Latency (ms) Speed-up

AR | - | 2240 1.00x
1 61.4 36.5%
2 109.7 20.4%
4 199.1 11.3x
DLM | 38 3784 5.9
16 745.4 3.0x
32 1479.0 1.5%
64 2952.2 0.76

Table 5: Per-sample inference latency and speed-up for
AR and DLM with varying diffusion steps, measured
on the Dolly validation set.

complementary behavior explains why SelFusion
benefits from bidirectional KD, as distillation can
dynamically proceed from the mode with higher
token accuracy at each masked position.

A.5 Time Comparison of DLM and LLM

We compared the inference speed of DLMs and AR
language models (LLMs). As shown in Table 5,
DLMs achieved significantly lower inference la-
tency than LLMs. This advantage stemmed from
the parallel token generation of DLMs, whereas
LLMs generated tokens sequentially. As a result,
even with 32 diffusion steps, DLMs achieved ap-
proximately a 1.5 speedup over LLMs in practice.

12



	Introduction
	Related Work
	Diffusion Language Models
	Knowledge Distillation for Language Models

	Methodology
	Motivation
	SelFusion
	Objective Function for SelFusion

	Experiments
	Experimental Settings
	Experimental Results
	Analysis
	Logit Calibration by RMSNorm
	Effect of Bidirectional Distillation
	Token-level Probability Comparison of Easy and Hard Modes
	Distribution Mismatch between LLMs and DLMs
	Generalization on Larger Steps


	Conclusions
	Appendix
	Training Configuration
	Prompt Formatting for Instruction Tuning
	Masking Strategy for Easy and Hard Modes
	Token level Accuracy Comparison Details
	Time Comparison of DLM and LLM


