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Abstract

Steering language model generation toward de-
sired textual properties is essential for practical
deployment, and inference-time methods are
particularly appealing because they enable con-
trollable generation without retraining. Recent
work has also highlighted diffusion language
models as an emerging generation paradigm
with distinct decoding properties. However,
most existing steering approaches either rely
on auxiliary models or are designed for au-
toregressive next-token decoding, making them
difficult to apply to diffusion language mod-
els (DLMs), which generate text through iter-
ative denoising of partially masked sequences.
Therefore, we propose DLM-SWALI, a simple
training-free steering method that biases the
token distribution at each denoising step using
pre-computed token-level style scores. Exper-
iments on style and safety control tasks show
that DLM-SWALI effectively steers diffusion
language models while preserving generation
quality and requiring minimal computational
overhead. Ablations further reveal a controllable
trade-off between steering strength and fluency,
and our analysis links class-wise steerability
to the strength of token-level attribute cues.
Our code is available at https://anonymous.
4open.science/r/dlm-swai-2358.

1 Introduction

Language models are increasingly expected not
only to generate fluent and relevant text, but also to
do so in ways that satisfy user intent and application-
level constraints (Ouyang et al., 2022). In practical
deployment, desirable outputs often depend on con-
trollable properties such as style, tone, politeness,
sentiment, or safety (Bai et al., 2022). As a result,
controllable generation has become a core capa-
bility for modern language models rather than a
secondary feature. A model that merely produces
plausible text is often insufficient for real-world
use; practical systems must also support mecha-

Training-  No aux. No hidden
Method free model state
Classifier guidance v X v
ILRR v X v
Activation steering v v X
DLM-SWAI (Ours) v v v

Table 1: Design-space positioning of DLM-SWAI among
representative DLM steering methods.' Checkmarks in-
dicate whether each method avoids training, auxiliary
guidance models, or hidden-state access.

nisms for steering generation toward desired textual
attributes.

Among the various approaches to controllable
generation, inference-time steering is particularly
attractive because it enables flexible behavior con-
trol without retraining the base model (Pan et al.,
2025). Such methods can be applied post hoc,
reused across multiple target attributes, and of-
ten incur substantially lower cost than fine-tuning
or training attribute-specific control modules. This
makes inference-time steering a practical solution
for adapting a single base model to diverse deploy-
ment settings.

However, most existing steering methods have
been developed primarily for autoregressive lan-
guage models. In many cases, they either assume
left-to-right next-token decoding or rely on auxil-
iary components such as classifiers, reward models,
or attribute predictors to provide guidance signals.
These assumptions make such approaches less suit-
able for diffusion language models (DLMs), which
generate text through iterative denoising of partially
masked sequences rather than sequential next-token
prediction. As a result, methods designed around
autoregressive decoding do not naturally transfer to
the diffusion setting, while auxiliary-model-based

'Rows summarize representative prior methods: classifier
guidance for discrete diffusion models (Nisonoff et al., 2025),
ILRR (Avrahami and Nachmani, 2026), and activation steering
for masked diffusion language models (Shnaidman et al., 2025).
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approaches reduce the simplicity and efficiency that
make inference-time steering appealing in the first
place. Table 1 summarizes this design-space gap
for representative DLM steering methods.

This limitation is increasingly important because
diffusion language models are emerging as a vi-
able alternative generation paradigm with distinct
decoding behavior and promising generation ca-
pabilities (Gong et al., 2022). The question is not
whether DLMs should replace autoregressive mod-
els, but whether controllability should be available
whenever DLMs are used as practical text genera-
tors (Arriola et al., 2025). If controllable genera-
tion is a deployment-critical capability, then DLMs
must also support lightweight and effective steer-
ing mechanisms. Yet despite the growing interest
in diffusion-based text generation, simple training-
free methods for steering DLM outputs remain
underexplored.

At the same time, the iterative structure of dif-
fusion decoding offers a natural opportunity for
control. Because a DLM repeatedly refines token
distributions over multiple denoising steps, guid-
ance can be injected not only at individual token
choices but throughout the denoising trajectory. A
token-level bias can therefore affect both which
tokens are sampled and which masked positions be-
come confident enough to be committed early. This
suggests that effective steering in DLMs may not
require heavyweight auxiliary models or additional
training, but can instead be achieved by biasing the
model’s token predictions throughout the denoising
process.

In this work, we propose DLM-SWAI, a
Statistical Writing style Aligned Inference for
Diffusion Language Models. DLM-SWAI uses pre-
computed token-level style scores to bias the token
distribution predicted at each denoising step, en-
abling controllable generation without auxiliary
guidance models or parameter updates. Although
token-level logit biasing has been explored for au-
toregressive decoding (An et al., 2026), the way
these scores act in a DLM differs structurally: a sin-
gle bias is injected into all masked positions at once
and shapes the unmasking order itself, so token-
level preferences compound along the denoising
trajectory (Section D.4). The method is lightweight,
training-free, and naturally compatible with the
iterative denoising process of diffusion generation.
Through experiments on multiple style and safety
control tasks, we show that DLM-SWALI effectively
steers DLM outputs toward desired attributes while

preserving generation quality and incurring only
minimal computational overhead.
Our contributions are as follows:

* We identify the lack of simple and diffusion-
compatible inference-time steering methods
as an important gap in controllable generation
for diffusion language models.

* We propose DLM-SWAI, a training-free steer-
ing method that injects token-level control
signals directly into the denoising process,
and we characterize the two diffusion-specific
mechanisms that distinguish it from autore-
gressive logit shifting.

* We demonstrate across style and safety con-
trol tasks that the proposed method provides
effective controllability with low overhead
while maintaining generation quality, verified
with both fluency (perplexity) and semantic
(BERTScore) metrics.

* We provide ablations and analyses that explain
when and why the method works, quantifying
the trade-off between steering strength and
fluency and linking class-wise steerability to
the distribution of token-level attribute cues.

2 Related Work

Model steering is important because a strong gen-
erative model should not merely produce plausi-
ble text, but should also allow its behavior to be
directed toward desired properties. Without such
controllability, even capable language models re-
main difficult to deploy in settings where outputs
must satisfy task-specific, stylistic, or safety-related
requirements. We therefore review representative
approaches to model steering (Sec. 2.1 and 2.2) and
then discuss existing steering techniques specifi-
cally for DLMs (Sec. 2.3).

2.1 Training-based Steering

One approach to controllable generation is to encode
desired properties directly into model parameters
through additional training. Keskar et al. (2019)
incorporates control codes during pretraining to
regulate high-level attributes such as style and do-
main, whereas Li and Liang (2021) provides a
parameter-efficient mechanism for control by opti-
mizing continuous prefixes while keeping the back-
bone model fixed. More recent work extends this
paradigm to instruction-based control: Zhou et al.



(2023) leverages weakly supervised data that ver-
balize constraints as natural-language instructions,
enabling unified control over diverse generation
conditions through instruction tuning. Other ap-
proaches (De Langis et al., 2024; Wang et al., 2025)
further explore reinforcement-learning-based re-
ward shaping for multi-style control or explicitly
train models to satisfy externally verifiable for-
matting constraints. Although such methods often
yield strong and stable control once trained, they
typically require additional data construction and
optimization for each new attribute or constraint,
and offer limited transparency into how control is
realized during generation. By contrast, our work
considers steering as an inference-time intervention
that directly biases the denoising distribution of a
frozen model without updating its parameters.

2.2 Training-free Steering

A major line of research on controllable generation
focuses on training-free steering for autoregres-
sive language models. Many approaches (Dathathri
et al., 2020; Krause et al., 2021; Yang and Klein,
2021; Liu et al., 2021; Kim et al., 2023) achieve this
through auxiliary models, which use gradient-based
perturbations or attribute-specific discriminators to
reweight next-token probabilities. Other methods
(Su and Collier, 2023; Chuang et al., 2024) and
activation engineering approaches (Rimsky et al.,
2024) avoid separate control models but instead rely
on decoding heuristics or interventions on internal
representations. While effective, these methods are
largely tailored to left-to-right decoding: control
is accumulated through local next-token decisions,
often with additional computation or architecture-
specific access. Recent autoregressive work has
also explored lightweight logit-level biasing from
corpus statistics without auxiliary models (An et al.,
2026). This line of work shows that simple distri-
butional signals can support inference-time control,
but it remains tied to left-to-right next-token de-
coding. Our focus is different: we study whether
such lightweight distributional control can serve
as a native steering interface for DLMs, where
generation proceeds through iterative denoising
over partially masked sequences rather than au-
toregressive next-token prediction. This difference
makes many standard autoregressive steering as-
sumptions difficult to transfer directly, motivating
simple steering mechanisms that operate naturally
on denoising-step distributions.

2.3 DLM Steering

While auto-regressive language models remain the
dominant paradigm for text generation, diffusion
language models (DLMs) are emerging as a promis-
ing alternative, with a growing body of work span-
ning continuous and discrete formulations (Li et al.,
2022; Reid et al., 2023; Gulrajani and Hashimoto,
2023; He et al., 2023; Lou et al., 2024). This trend is
further supported by recent scaling studies showing
that masked diffusion models can become increas-
ingly competitive for text generation (Sahoo et al.,
2024; Nie et al., 2025b; Khanna et al., 2025; Lu
et al., 2026; Ye et al., 2025). In parallel, prior work
has shown that the iterative denoising process of
diffusion models provides a natural interface for
inference-time control (Nie et al., 2025a), as ex-
emplified by gradient-based guidance in DLM and
more recent guidance frameworks for discrete dif-
fusion, such as classifier-based and classifier-free
guidance methods (Nisonoff et al., 2025). However,
compared with the autoregressive setting, steering
methods for DLMs remain relatively underexplored
(Shnaidman et al., 2025), and existing approaches
often rely on auxiliary models, conditional guidance
machinery, or generic diffusion guidance formula-
tions (Avrahami and Nachmani, 2026).

As summarized in Table 1, existing DLM steering
methods usually require either auxiliary guidance
machinery or access to internal representations.
DLM-SWAI instead occupies a lightweight point
in this design space by directly modifying the to-
ken distributions used during denoising. This po-
sitioning motivates our central question: can such
a minimal intervention provide effective control in
practical DLM generation?

3 Methodology

3.1 Overview

DLM-SWALI is a training-free inference-time steer-
ing framework for diffusion language models. The
method consists of two stages. First, we construct
property-specific token score tables offline from
property-labeled corpora. These scores quantify
how strongly each token in the vocabulary is as-
sociated with a target generation property, such
as readability level, politeness, or toxicity. Second,
during diffusion decoding, we use the pre-computed
scores to bias the model toward the desired prop-
erty at each denoising step. Figure 1 illustrates the
overall pipeline of DLM-SWALI, including offline
score construction and denoising-time steering.
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Figure 1: Overview of DLM-SWALI (pronounced “sway”’). Token-level attribute scores are computed offline and
applied during each denoising step to steer generation toward the target attribute.

The central idea of DLM-SWALI is to exploit
simple corpus-level lexical statistics as a reusable
control signal. Instead of introducing an auxiliary
classifier or training a separate guidance model, we
estimate token-level property preferences directly
from data and inject them into the denoising process
at inference time. This design keeps the method
lightweight, modular, and naturally compatible with
diffusion-based generation.

3.2 Offline Score Construction

We begin by constructing a vocabulary-level score
table for each target property. Let V denote the
tokenizer vocabulary, and let {D,..., Dk} be
property-labeled corpora for a K-way control task.
For example, K = 3 in readability control (e.g.,
elementary, intermediate, advanced) or politeness
control (e.g., impolite, polite, neutral), and K = 2
in toxicity control (e.g., toxic vs. non-toxic). Using
the same tokenizer as the target diffusion language
model, we count the occurrences of each token
v € V in each corpus. Let ¢ (v) denote the number
of times token v appears in corpus Dy, and let
Ni = Y, e ck(v) be the total number of observed
tokens in property class k.

In order to estimate how characteristic a token
is for a given property, we adopt a one-vs.-rest log-
odds formulation with a Dirichlet prior. For a target

property k, we define the complementary count

ek () =D cj(), Na= D ().
J*k vevV

We further introduce a prior vector over the vocabu-
lary. In our implementation, the prior is constructed
from pooled token frequencies across all property
corpora and scaled by a coefficient @ > 0. Let @(v)
denote the resulting prior mass assigned to token v,
andlet A = )}, .4 @(v) be the total prior mass. The
prior-smoothed log-odds score for token v under
property k is then given by

ck(v) +a(v)
Ni+A—-ck(v) —a(v)

cok(v) +a(v)
Nog+A—c_r(v)—a(v)
A larger value of §;(v) indicates that token v is
more strongly associated with property k relative
to the remaining classes.

In practice, raw log-odds values can be unstable
for rare tokens. To reduce this effect, we optionally
use a variance-normalized score. Following the
standard approximation, the variance of the log-
odds ratio is estimated as

1 1
k) +a0) () +a0)

or(v) =log
ey

—log

Var[6x(v)] ~

The normalized score is therefore
Or(v)

VWVar[6, ()]

sp(v) =



Unless otherwise noted, we use this normalized
score as the final token-level score, since it better
captures tokens that are not only frequent but also
distinctive for the target property.

For each property k, we store the resulting score
table Sx = {sx(v) | v € V}, which maps each
vocabulary item to a real-valued property score. In
multi-class settings, we construct one score table
per class using the same one-vs.-rest procedure. In
binary settings, the two score tables are obtained
by reversing the positive and negative sides of
the comparison. Since these tables are computed
once offline and stored as lookup dictionaries, they
introduce negligible cost during generation.

3.3 Denoising-time Steering

At inference time, DLM-SWALI uses the score table
corresponding to the desired target property to bias
the token distribution predicted by the diffusion
language model. Let Sk be the score table for target
property k, and let s; € RY be its vectorized form
over the vocabulary. Before decoding, we apply
element-wise clipping and scaling to obtain a global
steering bias:

bk =A- clip(sk, -7, T),

where A is the steering strength and 7 is the score
clipping threshold. This bias vector is computed
once and reused throughout the entire denoising
process.

We consider semi-autoregressive block-wise dif-
fusion decoding. Given a prompt sequence, gen-
eration proceeds by appending a block of masked
tokens and iteratively denoising that block while
conditioning on the prompt and all previously com-
mitted tokens. Let x() denote the partially denoised
sequence at denoising step ¢, and let the diffusion
language model produce logits zl@ € RV for posi-
tion ;. DLM-SWAI modifies the logits by adding the
same vocabulary-level steering bias at every masked
position i in the active block: ift) = ZEZ) + by.

Equivalently, for each candidate token v € V,
(1) _ ()

%y = 2,y T A clip(se(v), =7, 7).

The steered token distribution is then obtained as
ﬁl@(v | x®)) = softmax(ift)/T) ,
v

where T is the sampling temperature.
Using this steered distribution, we sample candi-
date tokens for all currently masked positions in the

active block. Following standard masked diffusion
decoding, we do not commit all sampled tokens at
once. Instead, after sampling, we compute a confi-
dence score for each position using the maximum
predicted probability under the untempered steered
distribution:

) _ 5(1)
Y, = Ivneaq)/g softmax(Z;"")y.

Among the positions that remain masked, the model
fixes only the highest-confidence tokens at each
denoising step and leaves the rest masked for later
refinement. The same procedure is repeated until
the current block is resolved, after which generation
proceeds to the next block.

This denoising process makes logit-level steer-
ing straightforward: DLM-SWAI injects the same
bias vector into the vocabulary logits at each step,
without auxiliary classifiers, hidden-state access,
or decoding-time optimization. Because the bias is
applied repeatedly during refinement, small token-
level preferences can accumulate over the final
output. Sections 4 and 5 evaluate whether this
mechanism improves controllability while preserv-
ing generation quality, and how its effectiveness
depends on the strength of token-level attribute
cues.

4 Experiments

4.1 Setup

Models and Datasets. We evaluate DLM-SWAI
on three controlled generation settings covering
writing level, politeness, and toxicity. For writing-
level control, we use OSE, which consists of text
rewritten at three levels of readability: elementary,
intermediate, and advanced. For politeness con-
trol, we use WikiPoL, a dataset annotated for per-
ceived politeness. For toxicity-related evaluation,
we use REaLTox, which contains prompts and toxi-
city annotations for analyzing harmful generation
behavior. As backbone DLMs, we use LLADA-
8B-InsTrucT? and DREAM-VO-INsTRUCT-7B>. We
apply the same steering framework to both models
in order to examine whether the effectiveness of
DLM-SWAL is consistent across different diffusion-
based instruction-tuned backbones. Unless other-
wise noted, all experiments are conducted with the

2https://huggingface.co/GSAI—ML/
LLaDA-8B-Instruct

3https://huggingface.co/Dream-org/
Dream-v@-Instruct-7B
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Model Method OSE WikiPol
Acc F Prec Recall Acc F Prec Recall
Prompt-steer 3494% 0298 32.89% 41.78% 63.16% 0.617 62.46% 63.26%
Llada-8b  Activation-steer 40.50% 0.405 40.57% 40.50% 31.00% 0.308 30.70% 31.07%
DLM-SWAI 56.50% 0.563 56.68% 56.04% 64.00% 0.643 64.35% 64.68%
Prompt-steer 30.49% 0.231 22.39% 28.12% 52.63% 0.534 54.75% 53.98%
Dream-7b  Activation-steer 25.61% 0.121  7.95%  25.00% 42.50% 0.425 42.66% 42.49%
DLM-SWAI 65.50% 0.647 64.87% 64.62% 60.50% 0.602 60.54% 60.23%

Table 2: Results on OSE and WikiPol for two diffusion language model backbones. We compare prompt steering,
activation steering, and DLM-SWALI using accuracy, macro Fj, precision, and recall. DLM-SWAI consistently

outperforms the baselines in most settings.

Class Acc Fy P R Conf.
OSE
E 99.65% 0.995 99.47% 99.47% 0.901
1 89.42% 0.841 84.13% 84.13% 0.790
A 89.77% 0.847 84.66% 84.66% 0.905
Total 89.42% 0.894 89.42% 89.42% 0.865
Wiki1PoL
P 84.50% 0.652 72.50% 59.18% 0.841
N 72.00% 0.769 69.40% 86.11% 0.506
I 87.50% 0.638 84.62% 51.16% 0.823
Total 72.00% 0.712 73.43% 72.00% 0.615

Table 3: Performance of GPT-5-mint on the original
labeled data for OSE and WikiPoL. The strong agreement
with ground-truth labels supports its use as a judge model
for evaluating steered generations.

same setup across models and datasets, and perfor-
mance is evaluated by how accurately the generated
outputs reflect the intended target attribute.

Implementation Details. In all experiments, we
set the block size equal to the maximum number
of newly generated tokens. The block size is set to
128 on OSE, 32 on WikiPoL, and 64 on REaLTox.
We use 128 denoising steps for all experiments.
The steering strength A is set to 0.7 for LLADA-8B-
InstrucT and 0.5 for DrReam-vO-INsTRUCT-7B, and
these values are fixed across datasets; the clipping
threshold 7 and prior coefficient « are fixed to 8.0
and 0.01, respectively. We justify these choices in
Section 5.2. All experiments are run on a single
NVIDIA RTX PRO 6000 Blackwell GPU (96GB).

Evaluation Protocol. For automatic evaluation,
we use GPT-5-m1n1 as the judge model for OSE and
WikiPoL, reporting results on 200 randomly sam-
pled instances. We validate the judge on the original

labeled data; as shown in Table 3, it achieves con-
sistently high performance, supporting its use for
evaluating steered samples. For REar.Tox, we also
report toxicity scores from the Perspective API. To
assess generation quality separately from steering
accuracy, we report perplexity (PPL) computed
with LLAMA2-7B-Crat and BERTScore against
the source text computed with ROBERTA-LARGE.
We additionally conduct human evaluation with
three annotators: a native English speaker with a
master’s degree, an undergraduate student with over
six years of experience in an English-speaking coun-
try, and a doctoral student with advanced English
proficiency.

4.2 Main Results

Baselines. We compare DLM-SWALI against two
inference-time baselines.

* Prompt-only: property control using natural-
language instructions alone, without any addi-
tional intervention on the model internals.

* Activation steering: a representation-level con-
trol baseline adapted from Shnaidman et al.
(2025).

Specifically, the prompt-only setting specifies
the target property only through the input prompt.
By contrast, activation steering extracts a steering
direction from contrastive prompt sets and applies
a global intervention to the model’s residual activa-
tions throughout reverse diffusion, without modi-
fying model parameters or changing the decoding
procedure. As summarized in Table 1, other DLM
steering methods are not directly comparable here
because they require auxiliary models or condi-
tional guidance machinery; prompt-only and acti-
vation steering are the closest training-free, DLM-
native baselines, and the latter is, to our knowledge,



Model Method OSE WikiPol RealTox
PPL| BERTScoreT PPL| BERTScoreT PPL| BERTScore]
Prompt-steer 92.37 0.080 49.20 0.331 40.79 0.251
Dream-7b  Activation-steer 149.96 0.178 50.55 0.505 41.25 0.470
DLM-SWAI 47.43 0.237 44.61 0.492 36.95 0.420
Prompt-steer 40.26 0.185 44.82 0.312 35.08 0.348
Llada-8b  Activation-steer  90.04 0.186 49.06 0.398 34.80 0.465
DLM-SWAI 43.10 0.193 44.02 0.369 33.97 0.464

Table 4: Generation quality. Perplexity (PPL; lower is better) is computed with LLAMA2-7B-CHaT, and BERTScore
(higher is better) is computed against the source text with ROBERTA-LARGE. DLM-SWALI attains the lowest PPL in
five of six settings while remaining competitive on BERTScore.

the only contemporaneous DLLM-specific steering
method.

Experimental Results. The performance of ac-
tivation steering varies considerably across set-
tings, falling below the prompt-only baseline in
three out of four cases (Table 2). This suggests
that representation-level intervention may be sen-
sitive to task characteristics in DLMs, whereas
DLM-SWATI’s token-level intervention provides
more consistent gains across settings.

The size of this gain depends on the target prop-
erty. The accuracy gap between DLM-SWAI and
the strongest baseline is 16.0%p on OSE (LLaDA-
8B) and 35.0%p on OSE (Dream-7B), compared
to 0.8%p and 7.9%p on WikiPol. We attribute
this contrast to task characteristics: politeness in
WikiPol can often be elicited from instruction-tuned
models through natural-language prompts, whereas
readability control in OSE requires sustained lex-
ical and syntactic choices throughout the genera-
tion. These results suggest that directly biasing the
denoising-time token distribution provides a more
stable control interface than either natural-language
prompting alone or global activation intervention,
especially when the target attribute must be main-
tained across many token-level decisions.

5 Analysis

The main results establish that DLM-SWAI im-
proves steering accuracy, but three questions remain:
whether the gain comes at the cost of generation
quality, how sensitive the method is to the bias
parameters, and why some target classes are easier
to control than others. We address the first two ques-
tions in the main analysis and provide class-wise
and score-table analyses in Appendix D.

5.1 Generation Quality

A constant logit bias applied at every denoising
step could, in principle, harm fluency, so we test
whether DLM-SWALI preserves generation quality
rather than trading it for controllability. Table 4
reports perplexity and BERTScore for DLM-SWAI
and both baselines across all three datasets.
DLM-SWALI achieves the lowest perplexity in five
of six settings and remains close to the best baseline
in the remaining case (OSE on LLaDA-8B). Acti-
vation steering, by contrast, substantially increases
perplexity, reaching 149.96 on OSE with Dream-7B
compared to 47.43 for DLM-SWAIL DLM-SWAI
also obtains the highest BERTScore on OSE and
remains competitive on WikiPol and RealTox. Al-
though activation steering yields slightly higher
BERTScore on the latter two datasets, this coin-
cides with its lower steering accuracy in Table 2,
suggesting that it preserves more of the source text
partly because it steers less effectively. Overall,
DLM-SWALI improves controllability while largely
maintaining fluency and semantic fidelity.

5.2 Hyperparameter Sensitivity

We study the sensitivity of DLM-SWALI to its three
hyperparameters: the steering strength A, the clip-
ping threshold 7, and the prior coefficient . We
sweep each in turn on WikiPoL, a representative
three-class style task, holding the others at their
default values (1=0.5, 7=8.0, @=0.01). Figure 2
reports the results.

The three hyperparameters play distinct roles.
The steering strength A raises accuracy monoton-
ically, but this gain is not free: beyond the values
we adopt, generation collapses into degenerate rep-
etition (Appendix B). Thus A controls a trade-off
between controllability and fluency rather than a
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fluency for controllability. (b, c) T and @ exhibit clear optima at 8.0 and 0.01, respectively.

quantity to be maximized, and we select the largest
A that preserves coherent generation, namely 0.7 for
LLaDA-8B and 0.5 for Dream-7B. In contrast, 7 and
a exhibit clear optima. A small T over-suppresses
informative score differences while a large one lets
rare-token outliers dominate, producing a peak at
7=8.0; similarly, accuracy peaks at =0.01, where
the prior smooths unstable estimates without wash-
ing out the attribute signal. These results show
that the chosen configuration sits at a principled
operating point rather than being arbitrary.

5.3 Toxicity

The ReaLTox results show a clear asymmetry be-
tween toxic and non-toxic steering. As shown in
Table 5, DLM-SWALI achieves the highest non-toxic
accuracy while maintaining a low toxicity score,
but all methods struggle when the target is the toxic
class. Prompt steering attains the highest toxic-class
accuracy, whereas activation steering and DLM-
SWALI remain substantially weaker. This pattern
suggests that the evaluated instruction-tuned DLMs
have a strong internal resistance to toxic continua-
tions. It is also consistent with safety-oriented in-
struction tuning: Tulu 3 includes safety-related data
(Lambert et al., 2024), and DREAM-vVO-INSTRUCT-
7B is an instruction-tuned DLM (Ye et al., 2025).
Thus, in this setting, inference-time steering is more
effective for suppressing toxicity than for inducing
it, and the toxic/non-toxic asymmetry appears to
reflect the backbones being steered rather than a
limitation specific to token-level biasing.

6 Conclusion

We propose DLM-SWAL, a simple and training-free
steering method for diffusion language models that

Method Class RealTox
Acc F1  Toxicity
Toxic 30.0% 0.231  0.393
Prompt Non-toxic  83.0% 0.454 0.124
Total 56.5% 0.565 -
Toxic 350% 0.034 0.184
Activation Non-toxic  80.0% 0.444  0.201
Total 41.8% 0.331 -
Toxic 15.43% 0.134  0.244
DLM-SWAI Non-toxic 92.50% 0.481  0.146
Total 54.04% 0.466 -

Table 5: Experimental results on RealTox. We report
class-wise and overall accuracy and F) along with toxic-
ity scores evaluated using the Perspective API.

directly biases token distributions during denois-
ing using pre-computed property scores. Across
multiple control settings, including writing level, po-
liteness, and toxicity-related evaluation, our method
steers generation toward desired attributes without
requiring auxiliary classifiers, reward models, or
parameter updates, while preserving fluency and
semantic fidelity. Our analyses further show that
steering success depends on the separability of the
target attribute, with classes that exhibit stronger
token-level cues being easier to induce and recog-
nize. The method also differs from autoregressive
logit shifting in two diffusion-specific respects: the
bias is injected across masked positions at each
denoising step, and the biased confidence scores in-
fluence which positions are unmasked first. Overall,
these results suggest that lightweight inference-time
control is a promising direction for controllable gen-
eration in diffusion language models.



Limitations

Our method is designed as a lightweight inference-
time steering framework for diffusion language
models, and the findings in this work should be inter-
preted in that scope. In particular, DLM-SWAI aims
to provide a simple and practical control mechanism
without introducing additional training, auxiliary
classifiers, or architecture changes. Accordingly,
our results are intended to demonstrate the effec-
tiveness of token-level distribution biasing as a
steering interface for DLMs, rather than to claim
a universal solution for every form of controllable
generation.

More broadly, the behavior of DLM-SWALI is nat-
urally tied to the attribute signal used for steering
and to the semantics already present in the source
text. As a result, the method is best understood as a
targeted inference-time intervention that encourages
desired properties while preserving the underlying
generation process of the base model. We view this
as an intentional design choice: prioritizing sim-
plicity, modularity, and compatibility with existing
DLMs over heavier control mechanisms that require
additional training or model modification.

Ethical Considerations

DLM-SWALI is intended as a lightweight method
for improving controllability in diffusion language
models, especially for style and safety-oriented
generation. However, the same mechanism can in
principle be used to steer outputs toward undesir-
able attributes if harmful target score tables are
constructed or selected. This risk follows from the
directionally general nature of logit-level biasing:
the method reinforces tokens associated with the
chosen target property, whether that property is
benign or harmful. We therefore frame DLM-SWAI
as a tool for analysis and mitigation rather than for
inducing harmful behavior, and recommend that
deployments pair such steering methods with appro-
priate safety filters, auditing, and access controls.
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A Datasets Details

* OSE (Vajjala and Luci¢, 2018): an English
learner corpus of parallel news articles rewrit-
ten at three reading levels, namely elementary,
intermediate, and advanced. We repurpose it
for controlled generation in our experiments.

e WikiPoL (Danescu-Niculescu-Mizil et al.,
2013): a collection of online request utter-
ances annotated with continuous perceived
politeness scores, used to analyze variation
in politeness across different request formula-
tions quantitatively.

* ReEaLTox (Gehman et al., 2020): a large-scale
dataset of naturally occurring prompts paired
with toxicity scores, used to evaluate how
likely language models are to produce toxic
continuations.

B Generation Quality at Large Steering
Strength

The A sweep in Figure 2 shows that accuracy keeps
rising as A grows, but generation quality does not. At
large A, the steering bias dominates the model logits
and outputs collapse into degenerate repetition.
Table 6 shows two WikiPoL examples at 1=2.0.
This failure mode is why we select 1 € {0.5,0.7},
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the largest strengths at which each backbone still
produces coherent text.

Neutral — Impolite (1=2.0)

Original. Was the location called Amen Corner before he
bought the shop there? If not, perhaps the location is named
after the shop rather than vice versa?

Generated. Why why’t why why why why why why why’t
why why why why ... (degenerate repetition)

Neutral — Polite (1=2.0)

Original. Can you tell me if this date is for the arcade or
Wii version?

Generated. for you please for for you for you for you for
you ... (degenerate repetition)

Table 6: At large 4, steering accuracy rises but generation
degenerates into repetition, motivating the smaller A used
in our main experiments.

C Distinctive Tokens by Class

Table 7 lists the most distinctive tokens for OSE-
Advanced, grouped by linguistic category. The dom-
inant cues are syntactic markers (auxiliaries, par-
ticipial and inflectional forms, subordinating con-
junctions, prepositions, and phrasal-verb particles)
rather than topic words. High scores on -ed, -ing,
and being directly reflect passive, participial, and
gerundive constructions, so once such a marker
is committed during denoising it conditions later
steps toward the matching syntactic structure. This
is the mechanism through which token-level biases
accumulate into clause-level effects, as discussed
in Section D.2.

D Qualitative Analysis

We present qualitative examples of steered genera-
tions to illustrate how DLM-SWALI changes model
outputs across different target attributes.

Table 8 and 9 show that DLM-SWAI can in-
duce clearly distinguishable writing levels from the
same input. In particular, lower-level steering yields
simpler and more compressed outputs, whereas
higher-level steering retains richer structure and
more formal phrasing, suggesting that the method
affects broader stylistic properties rather than only
isolated lexical choices. We emphasize that, be-
cause OSE is a parallel corpus in which the same
topic is rewritten at different readability levels,
surface-structure differences across the steered out-
puts reflect the intended task behavior rather than a
degradation of quality.



Category

Tokens (z-score)

Subordinating / relative
Auxiliary / participial
Inflectional morphemes
Prepositions
Phrasal-verb particles

which (4.73), while (4.41), rather (4.22), though (3.43)

being (6.95), been (4.04)

-ed (4.95), -ing (4.61)

as (6.72), by (6.34), of (5.34), with (4.42), on (4.25), over (3.73)
out (5.97), of f (4.77), up (4.64)

Table 7: Most distinctive tokens for OSE-Advanced, grouped by linguistic category. The dominant cues are structural

markers rather than topic vocabulary.

Original. When you see the word Amazon, what’s the first
thing that springs to mind: the world’s biggest forest, the
longest river, or the largest internet retailer, and which do
you consider most important?

— Elementary. When people talk about Amazon, they
think about different things.

— Intermediate. The Amazon brand has been at the center
of a dispute over the creation of a top-level domain (TLD)
specifically for it.

— Advanced. When you think of the Amazon, what comes
to mind: the world’s largest rainforest, the longest river, or
the leading online retailer?

Table 8: Qualitative example of writing-level steering
on OSE. The generated outputs reflect different levels
of linguistic complexity under the same input.

Original. Where did you learn English? How come you’re
taking on a third language?

— Impolite. How did English come to you? Why are you
considering learning an additional language?

— Neutral. How did you acquire English, and why are
you learning a third language?

— Polite. Where did you practice English and how have
you added a third language?

Table 9: Qualitative example of politeness steering.
Given the same input, DLM-SWALI generates outputs
with different politeness levels while preserving the core
semantic content.

D.1 Class-wise Performance Analysis

Figure 3 shows the class-wise accuracy on OSE and
WikiPol. The results indicate that steering effec-
tiveness is not uniform across classes, but depends
on how clearly each target class is expressed in the
data.

On OSE, both backbones perform much better
on Elementary than on Intermediate and Advanced.
This suggests that readability control is easier when
the target corresponds to a more clearly separable
regime, such as explicit simplification, than when
the model must distinguish between neighboring
higher-level bands. In other words, DLM-SWAI
more readily induces coarse-grained readability
shifts than fine-grained distinctions within the non-
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elementary range. Dream-7b shows a particular
advantage on the more difficult Intermediate and
Advanced classes, suggesting that backbone choice
matters most when the target classes are less clearly
separated.

A similar pattern appears on WikiPol. The Po-
lite class is the most reliably controlled, whereas
Neutral and Impolite are harder to distinguish. This
implies that classes associated with clearer stylis-
tic signals are easier to induce, while classes near
a weaker or more ambiguous boundary remain
more confusable. Compared with OSE, the gap be-
tween LLaDA-8b and Dream-7b is also smaller on
WikiPol, suggesting that class-wise controllability
depends not only on the steering method itself but
also on the interaction between the target property
and the generative backbone.

Overall, the class-wise results suggest that DLM-
SWALI is more effective when the target class has
clearer observable cues, whereas finer-grained or
more overlapping classes remain more challenging
for both generation and evaluation. Section D.2
grounds this observation directly in the structure of
the score tables.

D.2 Score Table Analysis

The class-wise results in Section D.1 attribute steer-
ability to how clearly a class is expressed. We make
this concrete by examining the score tables them-
selves, which lets us explain the observed accuracy
pattern rather than only describing it.

Cue strength predicts steerability. For each
class we count vocabulary items whose normalized
score exceeds increasing thresholds (Table 10). The
easiest-to-steer classes, Elementary and Polite, ex-
hibit the strongest peaks (maximum z of 13.67 and
11.91) and the largest numbers of highly distinctive
tokens, whereas the hardest classes, Intermediate
and Neutral, contain almost none. Steerability there-
fore tracks the strength of the token-level attribute
cues available in the score table, which directly
explains the class-wise accuracy gaps: when a class
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Figure 3: Class-wise accuracy of DLM-SWAI on OSE (rewriting) and WikiPol for two diffusion language model
backbones. Performance varies substantially across classes: targets with clearer observable cues (e.g., Elementary in
OSE and Polite in WikiPol) are easier to control than classes with more ambiguous boundaries.

Dataset  Class #7>2  #z>3  #z>5 Maxz
Elementary 206 88 23 13.67
OSE Intermediate 4 1 0 3.12
Advanced 183 42 6 6.95
Polite 158 53 14 1191
WikiPol  Neutral 70 15 1 6.08
Impolite 193 49 9 10.09

Table 10: Distribution of token-level scores by class
(LLaDA-8B; Dream-7B is nearly identical). For each
class we count vocabulary items whose normalized
score exceeds the given threshold. The easiest-to-steer
classes (Elementary, Polite) have the strongest and most
numerous distinctive tokens.

has many strongly distinctive tokens, a small per-
token bias is enough to reshape the distribution
toward it.

Token-level cues encode clause-level style.
These cues are not limited to content words. For
OSE-Advanced, the most distinctive tokens are
structural markers, such as auxiliary and particip-
ial forms (being, been), inflectional morphemes
(-ed, -ing), subordinating conjunctions, and prepo-
sitions, rather than topic vocabulary (Appendix C).
By contrast, the top cues of Elementary are com-
mon content words (Table 11), so the two classes
are separable at the token level. Because commit-
ting a marker such as being or -ed during one
denoising step conditions subsequent steps toward
the matching construction, token-level biases accu-
mulate into clause-level syntactic effects through
iterative refinement. This is precisely the commit-
and-recondition dynamic of Section D.4, and it
explains why steered Advanced outputs differ struc-
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Rank Elementary (z)  Advanced (z)
1 people (13.67) being (6.95)
2 very (8.48) as (6.72)
3 they (8.16) by (6.34)
4 million (7.84) out (5.97)
5 says (7.54) of (5.34)

Table 11: Top-5 most distinctive tokens for OSE Ele-
mentary and Advanced. Elementary cues are common
content words, whereas Advanced cues are syntactic
markers, making the classes separable at the token level.

Class pair K=100 K=500 K=1000
Evs. I 0.000 0.010 0.016
Ivs. A 0.020 0.019 0.026
Evs. A 0.000 0.000 0.000

Table 12: Top-K Jaccard overlap between OSE class
score tables. Intermediate-Advanced overlaps most at
every K, while Elementary-Advanced is disjoint, ex-
plaining the I-A confusability.

turally, not merely lexically, from Elementary ones
(Table 8).

Class overlap explains confusability. Finally, we
quantify how much the class score tables overlap
by computing the Jaccard similarity of their top-K
most distinctive tokens (Table 12). Among the three
OSE pairs, Intermediate-Advanced shows the high-
est overlap at every K, while Elementary-Advanced
is essentially disjoint. The two non-elementary lev-
els thus share the largest portion of their distinctive
vocabulary, which explains their mutual confusabil-
ity and is consistent with the class-wise accuracy
pattern in Section D.1.



D.3 Human Evaluation

Level | Anmn.1 Ann.2 Anmn.3 Avg
Ele 80.0 100.0 95.0 91.7
Int 30.0 85.0 55.0 56.7
Adv 35.0 85.0 60.0 60.0
Overall ‘ 48.3 90.0 70.0 69.4

Table 13: Human evaluation results on readability con-
trol. Values denote classification accuracy (%). Inter-
annotator agreement measured by Fleiss’ « is 0.483,
indicating moderate agreement.

We further conduct a human evaluation to test
whether the intended readability levels are percepti-
ble to human judges. Three annotators were asked
to assign each generated text to one of the three
target levels: elementary, intermediate, or advanced.
Table 13 summarizes the results.

The results suggest that DLM-SWAI induces
readability differences that are meaningful to hu-
man annotators, rather than merely improving auto-
matic classification metrics. At the same time, the
effect is not uniform across levels. The elementary
level is more consistently perceived than the other
two, suggesting that strong simplification is easier
both to produce and to identify than finer-grained
distinctions between intermediate and advanced
writing. The moderate inter-annotator agreement
further suggests that this is a genuinely challeng-
ing judgment task, so the lower performance on
the latter two levels should be understood not only
as a limitation of the model, but also as evidence
that fine-grained readability control is intrinsically
harder to both generate and evaluate.

D.4 Why DLM-SWALI is Diffusion-Specific

Although DLM-SWALI also relies on token-level
distributional scores, its behavior in the diffusion
setting differs from autoregressive logit-biasing
methods (An et al., 2026) in two structural respects.
As a result, the method is not a direct port of AR
steering even when the underlying score table is
identical.

First, the bias is injected in a distributed manner
across positions and steps. In AR decoding, a logit
shift affects only the single position currently being
generated and accumulates strictly from left to right.
In DLM-SWAI, the same bias is added to all masked
positions in the active block at every denoising
step, so neighboring positions sample from the
same target-aligned distribution within a single
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step. This encourages stylistic coherence across
tokens rather than a purely sequential accumulation
of local decisions.

Second, the bias governs the unmasking order.
Because the confidence score yl.(t) used to decide
which positions are committed is computed from the
biased logits, the bias determines not only which
token is chosen at each position but also which
positions are unmasked first. Target-aligned tokens
therefore tend to be committed earlier, after which
the remaining masked positions are re-evaluated
conditioned on the committed tokens. This commit-
and-recondition dynamic, which is absent in AR
decoding where each position is decided once and
never revisited, provides a structural pathway for
small token-level preferences to compound along
the denoising trajectory.

The practical relevance of this distinction
is supported empirically. Activation steering, a
representation-level DLM steering baseline, fails
to surpass even the prompt-only baseline in three
of four settings (Table 2), whereas DLM-SWAI
yields consistent gains. This suggests that operat-
ing directly on denoising-time token distributions
is an important factor behind the effectiveness of
token-level biasing in DLMs.

E Guideline for Human Annotators

One of the three sentences is always Elemen-
tary, one is Intermediate, and one is Advanced.
Even if a sentence appears somewhat corrupted
or contains repetition, please ignore such issues
and judge only its overall difficulty level. Re-
ferring to the level of vocabulary used in each
sentence may also be a helpful way to make
your judgment. Please enter E, I, and A for the
three sentences in the order they are presented.

F Prompts for GPT Judge

OSE
You are a strict evaluator for OneStopEnglish-
style rewriting levels: ELEMENTARY,

INTERMEDIATE, ADVANCED.

Core principle:

- Judge the WRITING STYLE (simplification
vs journalistic compression), not the topic.

- Even ELEMENTARY may contain advanced
topic words; do NOT up-level based on topic



vocabulary.

What to focus on:
A) Simplification
ELEMENTARY)

- “Spell-out” paraphrases and definitions (e.g.,
X that does Y; “called .. .”; explaining terms)
- Sentence splitting: facts spread across many
short/plain sentences

- Basic/local cohesion: heavy reliance on
and/but/so/because; list-like sequencing

- Repetition / low variation: repeated frames,
repeated key words

- More explicit moral/author commentary in
simple wording

signals (push toward

B) Journalistic compression signals (push
toward ADVANCED)

- Dense noun phrases and precise verbs (e.g., in-
sists/denies/echoes/anticipates/deemed/brac-
ing)

- Strong framing: setup, development,
implications; effective transitions (howev-
er/nonetheless/whereas)

- Consistently natural collocations; little
learner-like “spell-out” wording

- Information density: attribution, qualifiers,
contrast, embedded clauses handled well
across the text

Text integrity rule (important):

- If the prose contains obvious corruption
(truncated sentences, duplicated fragments
inserted mid-sentence, scrambled ordering),
treat this as NOISE. Do not automatically
equate noise with low level.

If corruption prevents reliable judging, choose
the LOWER label and lower confidence.

Definitions (use these exactly):

- ELEMENTARY: learner-simplified prose.
Frequent spell-out paraphrases/definitions,
short/plain sentences, basic connectors,
repetition, and weaker global framing. Major
grammar errors may occur but are NOT
required.

- INTERMEDIATE: meaning is stable.
Some complex sentences and connectors
appear, but prose still feels simplified; fewer
dense journalistic turns than ADVANCED;
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occasional awkwardness may remain.

- ADVANCED: consistently controlled,
information-dense, journalistic-style prose.
Compression/framing and precise word choice
are sustained across the text. Minor typos are
acceptable if they do not stand out.

Decision procedure (must follow):

1) Ignore non-prose (code, templates, “Con-
tinue writing”, markdown artifacts). Judge
only meaningful prose.

2) Choose ELEMENTARY if at least TWO
simplification signals (A) are strong and
persistent across the text.

3) Otherwise choose ADVANCED if at least
THREE compression signals (B) are strong
and persistent across the text.

4) Otherwise choose INTERMEDIATE.

5) Tie-break: if unsure between two labels,
choose the LOWER label.

Output ONLY the label word: ELEMENTARY,
INTERMEDIATE, or ADVANCED. Nothing
else.

WikiPol
You are labeling the PERCEIVED POLITE-
NESS of a request.

Judge how the text would sound to a typical
recipient.

Label only the interpersonal tone of the request
itself, not the writer’s intent.

Do not infer sarcasm or hidden hostility unless
it is explicit.

Use this rule:

- POLITE: clear positive politeness is explicitly
present (e.g., gratitude, apology, respectful/def-
erential wording, clear consideration for the
recipient).

- IMPOLITE: clear negative interpersonal force
is explicitly present (e.g., pressure, entitlement,
blame, complaint, accusation, adversarial or
cornering wording).

- NEUTRAL: everything else.

Important:

- A question is not automatically POLITE.

- Hedging or indirectness alone is not enough
for POLITE.



- A request without explicit courtesy should
usually be NEUTRAL.

- Defensive self-justification or rhetorical
pressure can make a request IMPOLITE.

Ungrammatical, awkward, or unnatural word-
ing is NOT by itself evidence of impoliteness.
Judge politeness independently from fluency
or grammatical quality whenever possible.

Output exactly one word:
POLITE

NEUTRAL

IMPOLITE
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