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ABSTRACT

LLM-based detoxification often shifts explicit toxicity into subtler forms: profani-
ties vanish while harm persists through insinuations, stereotypes, microaggressions,
and subtly discriminatory framing. We reformulate detoxification from a value-
alignment perspective as a multi-principle constrained generation problem that
enforces explicit harmlessness, guards against insinuations, stereotypes, microag-
gressions, and subtly discriminatory framing, and simultaneously maintains fairness
consistency, and helpfulness. Specifically, we propose a diffusion-based process-
level aligner, SafeManifold-Diffusion, a novel framework that combines conditional
latent diffusion with a diffusion-map-based semantic safety manifold to enforce
both semantic fidelity and value alignment. Given an offensive input, our model
generates a rewritten sentence by simulating a denoising trajectory in latent space,
conditioned on the original content embedding. To prevent the trajectory from en-
tering semantically toxic regions, we construct a nonlinear safe semantic manifold
from verified non-offensive latent representations using diffusion geometry, and
constrain generation via explicit manifold projection at each sampling step. Exper-
iments on four detoxification datasets demonstrate that SafeManifold-Diffusion
achieves state-of-the-art performance in reducing both explicit and implicit toxicity
while preserving intent, improving fairness, and producing more helpful outputs.
Our results suggest that aligning generation with structured semantic constraints is
crucial for building trustworthy language systems.

1 INTRODUCTION

With the growing deployment of large language models (LLMs) (Achiam et al., 2023; [Liu et al.,
2024} Bai et al.,2023) in social platforms and open-ended generation systems, text safety is central to
trustworthy language systems used in assistants, moderation, and rewriting tools (Zhang et al., 2025
Yehudai et al.,|2025; Hua et al.,2024). In practice, detoxification cannot stop at masking profanities
or slurs. Models must also address subtle forms of harm that persist in ostensibly polite rewrites,
including insinuations, stereotypes, microaggressions, and subtly discriminatory framing (Wang et al.
2024} |Khondaker et al.,|2024). These phenomena erode user trust, disproportionately harm marginal-
ized groups (Xu et al} 2021, and undermine downstream decision-making. Figure |1|illustrates
typical cases where a toxic input is rewritten without profanity yet retains harmful implicatures.

Despite progress, LLM-based detoxification frequently exhibits a shift from explicit toxicity to
implicit toxicity. Offending surface tokens are removed, but covert harms remain through pragmatic
insinuation, asymmetric comparisons, or dog-whistle substitutions (Byun et al.,2024; Jin et al., [2025).
Standard toxicity scores, optimized to catch explicit markers, often fail to register these subtleties,
and post-hoc decoding heuristics (e.g., filtering and resampling) offer limited guarantees (Khondaker
et al.,2024). A practical failure taxonomy includes (1) insinuative phrasing, (2) stereotype-preserving
reframing, (3) microaggressive qualifiers, and (4) group-swap asymmetries (where meaning shifts
when protected-group terms are permuted). These failures show that detoxification requires safe and
manageable outputs.

We therefore reformulate detoxification from a value-alignment perspective as multi-principle con-
strained generation. Given an offensive input, the goal is to produce an output that preserves semantic
fidelity and intent while enforcing explicit harmlessness, guarding against insinuations, stereotypes,
microaggressions, and subtly discriminatory framing (Wang et al., [2024; [Leidinger et al., [2024),
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Original text
(explicitly offensive) @

ChatGPT-5 Revised | Today we commemorate a Black communist leader who was supported by certain groups and delivered speeches written
(implicitly offensive) | by his advisors. This could be compared to people 50 years from now having a holiday to honor a modern activist such as 2o
DeRay, who has also received organizational support.

Reason 1. Racial labeling. 2. Implying lack of autonomy. 3. Comparison with DeRay. \"'?;
DeepSeek Revised | A critical examination of how some historical figures are memorialized reveals the complex role that financial backing ~Ya
(implicitly offensive) | and institutional support can play in shaping public perception. wy
1.Questioning Sanctity and Pure Motive (Moral Offense).
Reason 2.Challenging Existing Power Structures (Political Offense). 42
3. Implying the Public is Easily Manipulated (Intellectual/Dignity Offense). A4
4. Denying the Certainty of "Established History" (Cognitive Offense)
Qwen Today, we recognize a Black activist who has dedicated his life to social justice and equality. He has worked tirelessly to
Revised advance racial equity, civil rights, and inclusive communities. His efforts have inspired many to confront systemic &3
(implicitly offensive) | injustice and engage in meaningful change. Regardless of background, everyone who speaks up for fairness and human hCh
dignity deserves respect and a platform.
1."We recognize a Black activist today" — May imply exceptionalism or tokenism.
2. Overemphasis on individual agency over systemic analysis -
Reason 3."Regardless of background, everyone who speaks up deserves respect" — May reflect a patronizing tone. ()

4. Lack of historical or structural context.
5. Neutral language may mask complicity.

Today, we honor a visionary civil rights leader whose unwavering commitment, courageous leadership, and
transformative words ignited profound social change. Rooted in justice and driven by compassion, their life’s work
Non-offensive text | challenged systemic inequities and expanded the promise of dignity and equality for all. This enduring legacy continues <
to inspire a new generation of changemakers—individuals and communities united in partnership with organizations to
advance equity, uphold human rights, and co-create a society that is not only more inclusive, but truly just.

Figure 1: Offensive sentences with explicit toxicity are rewritten by multiple LLMs into implicitly
offensive versions, along with the underlying reasons for the implicit offensiveness.

and simultaneously maintaining fairness consistency and helpfulness (Xu et al.| |2021). Framing
the task this way moves beyond minimizing a single toxicity score and toward satisfying structured
constraints that are observable and evaluable.

Existing paradigms fall short on this structure. Preference-based alignment (e.g., RLHF) and
instruction/prompt engineering improve average safety but provide limited process-level control
during generation; their guarantees are typically statistical rather than geometric (Byun et al., 2024),
and they struggle when implicit-toxicity supervision is scarce (?). Post-hoc filters can prune egregious
completions but cannot steer intermediate representations away from toxic regions, making them
brittle under distribution shift or adversarial phrasing (Khondaker et al., 2024)).

Our key insight is to align generation by constraining the denoising trajectory itself to a learned se-
mantic safety manifold in latent space. Intuitively, non-offensive paraphrases cluster in a low-toxicity
region of the semantic geometry. If the trajectory can be kept within this region throughout genera-
tion, the model can simultaneously preserve meaning and enforce explicit and implicit harmlessness,
maintain fairness consistency, and ensure helpfulness. Diffusion maps offers a principled way to
recover such nonlinear structure from verified non-offensive representations (Byun et al.,[2024).

We introduce SafeManifold-Diffusion, a diffusion-based process-level aligner that couples conditional
latent diffusion with a diffusion-map semantic safety manifold (Figure[2). Given an input, we encode
its content as a conditioning signal that anchors meaning throughout reverse diffusion. In parallel,
we estimate a nonlinear safety manifold from verified non-offensive latent representations. During
sampling, each denoising step is explicitly projected back toward this manifold, preventing the
trajectory from drifting into semantically toxic neighborhoods. This per-step constraint provides
fine-grained control: it keeps generation close to the source intent while enforcing explicit and implicit
harmlessness(Jin et al., [2025; Cui et al.,|2025), and it can be tuned to satisfy fairness consistency and
helpfulness targets.

To operationalize implicit harmlessness under limited supervision, we combine weak detectors
for insinuations, stereotypes, microaggressions, and subtly discriminatory framing with synthetic
contrastive mining. We further incorporate group-swap checks to promote fairness consistency and
add a helpfulness head to discourage evasive or vacuous replies. Because manifold construction is
amortized and projection operates in latent space, inference-time overhead remains modest.

We evaluate across four detoxification datasets with a protocol that measures explicit harmlessness,
implicit harmlessness (via the four covert categories and stress tests), fairness consistency (including
group-swap invariance), helpfulness (task completion without evasion), and semantic fidelity (intent
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preservation and entailment-aware similarity). Comprehensive ablations disentangle the contributions
of the manifold, the projection step, and each objective head, confirming that process-level control,
rather than stronger decoding alone, drives the gains. Our contributions are threefold.

* Reformulation. We cast detoxification as value-aligned rewriting with multi-principle
constraints, explicit harmlessness, implicit harmlessness (insinuations, stereotypes, mi-
croaggressions, subtly discriminatory framing), fairness consistency, and helpfulness, while
preserving semantic fidelity.

* Method. We propose SafeManifold-Diffusion, which combines conditional latent diffusion
with a diffusion-map semantic safety manifold and explicit per-step projection to steer the
generative trajectory within safe regions.

¢ Evidence. On four benchmarks, SafeManifold-Diffusion achieves state-of-the-art reductions
in explicit and implicit toxicity while preserving intent and maintaining fairness consistency,
indicating that process-level alignment with structured semantic constraints is an effective
pathway to trustworthy text generation.

2 RELATED WORK

From Explicit to Implicit Toxicity in Detoxification Early detoxification methods for language
models focused on eliminating explicit toxicity, such as profanity and slurs, through data filtering or
supervised fine-tuning (Khondaker et al., 2024). However, these methods often rely on shallow lexical
features, failing to address nuanced harms. Moreover, studies have shown that lexical detoxification
may inadvertently suppress dialectal variation or marginalize minority voices (Xu et al.,|2021). More
recent research has shifted toward tackling implicit toxicity, including insinuations, microaggressions,
and stereotypes. For instance, PclGPT reveals persistent patronizing tone after detoxification (Wang
et al.,|2024), while MDIT-Bench and Shield VLM expose subtle harms in multimodal settings (Jin
et al.l 2025} |Cut et al., [2025)). Bias artifacts such as group-swap asymmetry (Leidinger et al., 2024)
and covert association biases (Wen et al., 2025} Bai et al.) highlight the challenge of preserving
fairness while mitigating toxicity.

Value Alignment and Controllable Detoxification Mainstream safety strategies like instruction
tuning and RLHF improve surface-level safety but lack process-level guarantees, especially in
scenarios with limited supervision or domain shifts (Byun et al.l|2024). Cross-lingual studies confirm
that English-centric detoxification often fails to generalize to low-resource languages (Beniwal et al.,
2025)). Post-hoc filtering and reward-based unlearning (e.g., Quark (Lu et al.| 2022)) offer partial
mitigation, but cannot constrain internal representations during generation. To address these issues,
recent work explores latent-space steering, such as contrastive likelihood (Zheng et al., [2023) and
linear probes (Cheng et al.,[2024)), enabling more interpretable and fine-grained control. While these
methods still operate within fixed model architectures, they lack explicit alignment with structured
safety objectives.

Diffusion-based Detoxification and Semantic Manifolds Diffusion models introduce an alternative
paradigm by supporting fine-grained control at every generation step, enabling dynamic alignment
beyond final decoding. Prior work explores detoxification-specific metrics and guidance mechanisms
within diffusion pipelines (Byun et al.||2024). Our method, SafeManifold-Diffusion, builds on this by
introducing a semantic safety manifold constructed via diffusion maps, guiding latent trajectories
toward low-toxicity regions.

Unlike surface-level constraints, this geometry aware projection approach enforces both explicit and
implicit harmlessness, while maintaining fairness and semantic fidelity. The manifold constraint
serves as a structured prior, addressing toxicity at the level of latent space rather than just output text.

3 PRELIMINARIES

Diffusion models (Sohl-Dickstein et al., [2015; |Ho et al.| [2020; Song & Ermon, |2019) represent a
family of latent variable generative methods that progressively convert samples of Gaussian noise
into data resembling an unknown target distribution. Since Gaussian noise can be drawn analytically,
the model establishes a learnable transformation from noise space to data space. This is achieved



Under review as a conference paper at ICLR 2026

m

Encoder

Forward Diffusion Process

Nolse anse
Gaussian
Noise
2t

Geometry Preserving
Projection Network

Original text (X)
(explicitly offensive) W
Generative Diffusion Process w
Denoising Network

multi-step

Condition €

Today, we honor a visionary civil rights leader whose unwavering
cadership, and transformative words

ignited profound social cl Rooted in justice and driven by
: compassion, their life’s work challenged systemic inequities and
— g(e) expanded the promise of dignity and equality for all. This enduring
Gaussian legacy continues to inspire a new generation of changemakers,
Noise individuals and communities united in partnership with
safe maml‘old safe manifol

d / . organizations to advance equity, uphold human rights, and co-
0 2 quity, upl g
L Reconstruction Decoder create a society that is not only more inclusive, but truly just
3 _t_ Tl Network
_______ ) Non-offensive text (X) (29
multi-step =

Figure 2: Overview of our proposed Safemanifold-Diffusion framework

by defining two complementary processes: a forward process, which gradually corrupts data with
additive Gaussian noise, and a reverse process, which learns to iteratively remove noise so as to
recover realistic samples from the underlying distribution.

We formulate the task of value-aligned text detoxification as a constrained conditional generation
problem in latent space, let x € X" be an offensive input sentence, and & € X be its detoxified rewrite,
we first extract its latent representation zy € R? via a pre-trained latent encoder E(-) and a projection
network %4 (-), and define a forward noising process:

q(z¢ | 20) = N(zt; v/auzo, (1 — a)I), (H
with the parameter «; governs the noise schedule.

The reverse process is learned via a denoising neural network fy(2¢,c), where 2, is the latent
representation of Z and c is a conditioning vector. To ensure that the rewritten output preserves the
original sentence’s core facts and intentions (e.g., identity, agency, sentiment), we extract a semantic
content vector c from the offensive input sentence x. The denoising neural network is optimized
through a regression loss function:

£0) = Bose [Nillfo(Varz + VT=aue e.t) = 5] @)

where ¢ ~ U(0,1) is the diffusion timestep, and ¢ ~ N(0, 1) represents Gaussian noise. The
parameter \; is a weighting factor that adjusts the learning focus across timesteps. During sampling,
generation begins from pure Gaussian noise z; ~ A (0, 1). The denoising network is then applied
repeatedly to produce a sequence of intermediate latents 2y, , 2¢,, . . . , 2., Where the timesteps satisfy
1=t >t2 > -- >ty = 0. As the noise level decreases step by step, the final output z; emerges
as an approximation of the true data distribution.

4 METHODOLOGY

We propose a Safemanifold-Diffusion, a novel value alignment framework based on Diffusion
Models (Ho et al., 2020; Song & Ermon, |2019; [Lovelace et al., [2023)), designed to rewrite offensive
sentences into non-offensive forms while avoiding covert or implicit toxicity. Our approach consists
of two key components: (1) a conditional latent diffusion model that ensures semantic preservation
while rewriting, and (2) a diffusion map-based safe semantic manifold that constrains the generation
trajectory to lie within a provably safe latent subspace. The integration of these two components
enables both factual consistency and semantic safety during rewriting.

4.1 OVERVIEW

As illustrated in Figure the input sentence z is first encoded into a feature f = E(z) € R viaa
frozen pre-trained language model (e.g., BART (Lewis et al.,[2020) or T5 (Raftel et al., 2020)). Since
the semantic feature f may not reside in a region compatible with the downstream safe manifold,
we apply a Geometry Preserving Projection Network A(-)(Section , which maps f into a latent
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representation zg = h(f) € R%m . This latent is structured to align with the semantic topology of the
manifold space used for diffusion. The forward diffusion process is then applied in the latent space.

The sampling stage starts from Gaussian noise zp ~ AN (0, I'), we perform multi-step reverse diffusion
through a denoising network conditioned on ¢, which is to ensure that the rewritten output preserves
the original sentence’s core facts and intentions (e.g., identity, agency, sentiment). At every step
t € {T,...,1}, the latent z; is explicitly projected onto a learned safe semantic manifold to prevent
the trajectory from drifting into regions associated with implicit bias or offensive meanings. This
manifold is constructed using diffusion maps (Section {.3), and the projection ensures that each
intermediate latent remains within semantically safe zones.

Once the final latent z, is obtained, it is projected by the reconstructed network ¢(-) into feature
space, and then decoded by a pre-trained decoder D(+) into the rewritten sentence. This final output
is expected to be non-offensive, semantically faithful to the input, and free from covert toxicity.

4.2 FEATURE TO LATENT PROJECTION FOR MANIFOLD COMPATIBILITY

While semantic conditioning helps maintain intent, the model remains susceptible to covert bias,
generating grammatically clean but implicitly offensive rewrites. To address this, we introduce an
explicit manifold constraint on the latent space, a dedicated Feature-to-Latent Projection Network,
denoted as hy, : R? — R This component bridges the semantic feature space and the latent space
on which diffusion sampling and manifold constraints are jointly applied.

While the semantic feature vector f = f(x) encodes the intent and factual content of the input sentence
x, it may not naturally lie in a region compatible with the safe manifold Mg C R?. To enable
effective projection and diffusion, we must map f into a latent representation z = hy(f) € Mayse
that satisfies the following properties: @ z should lie close to the geometry captured by the diffusion
map embedding ¥ and the reconstruction mapping ¢; @ semantically similar features f*, f/ should
yield nearby latents z*, z’; ® the mapping must preserve global semantics while conforming to the
manifold’s non-Euclidean structure.

We implement %, as a Geometry Preserving Projection Network (GPPNet) composed of the following
components: A linear projection layer that maps the feature vector from R% to a hidden dimension
R ; I stacked residual MLP blocks with LayerNorm and GELU activation to model complex
semantic transformations; An optional cosine similarity-based local attention layer to reinforce
neighborhood consistency; A final linear layer to project the hidden vector into the latent space R¢.
Formally, the projection process can be expressed as:

z = hy(f) = MLPres.an (LayerNorm(Linear(f))). 3)

he is used to convert any source sentence into a latent vector that is semantically aligned and
geometrically compatible with the safe manifold. This latent vector is then used as the initial point or
condition for sampling under the safe manifold constraints described in Section @.3]

4.3 DIFFUSION MAP BASED SAFE SEMANTIC MANIFOLD

To enforce semantic safety beyond surface-level detoxification, we construct a safe
semantic manifold Mg C R4 that characterizes the intrinsic geometry of non-
offensive sentence representations in the latent space. As shown in Figure [3]
the orange circles represent the latent representations of offensive ofensive
sentences, while the green circles on the manifold represent the cor- ometensiie
responding latent representations of non-offensive sentences. Our
construction is based on diffusion geometry, which provides a prin-
cipled way to capture nonlinear semantic structures from data.

Safe Latent Collection We begin with a curated corpus of non-
offensive text samples {x; }~,, comprising human-annotated neu-
tral sentences that have been verified to be both explicitly and im-
plicitly safe. These are encoded into latent representations:

Zate = {2 = h(E(g;j‘)) c Rdm f\il (4) Figure 3: Safe semantic manifold
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Constructing the Diffusion Kernel A key step in modeling the safe semantic manifold Mgy C
R?n is to capture the intrinsic geometry of non-offensive latent representations, beyond what is
observable through naive Euclidean distances. To this end, we adopt the diffusion maps framework,
which begins by constructing a heat diffusion kernel to define local connectivity and semantic
similarity across latent points.

Let {z' € R4}V, denote the set of latent vectors corresponding to safe sentences. Instead of
directly using pairwise Euclidean distances, we define a diffusion kernel K € RV*¥ via a Gaussian

similarity function:
||zi — 7/ ||2
Kij =exp s ) &)

where § > 0 is a bandwidth parameter controlling the local sensitivity. This kernel quantifies how
likely two semantic representations z’ and z’ are to communicate under a simulated diffusion process.
In effect, K encodes not just distance, but connectivity along the (potentially curved) semantic
manifold. We then row-normalize the kernel to obtain a Markov transition matrix P, such that each

row sums to one:
K

Zk K’
where i indexes the source latent vector z’, representing the current point in the semantic latent
space, j indexes the target latent vector z7, representing a potential next step in the diffusion process,
and k € {1,..., N} enumerates all possible latent vectors for normalization, ensuring that each
row of P sumsto 1,i.e., > j P;; = 1. This transition matrix defines a random walk over the latent
points, where transitions are more probable between semantically similar sentences. Crucially, the
structure of P captures the global geometry of Zg,., and facilitates the definition of a diffusion
distance between latent vectors:

P = Q)

N
di(z',27)? = N (i (i) — i (5))? )

k=1

where {(\g, 1)} are the eigenpairs of P, and t controls the diffusion timescale. This distance
measures how easily information can propagate between two points over the graph induced by the
kernel, which aligns well with human semantic perception.

Compared to raw distances in R4 diffusion distance is robust to noise and more sensitive to under-
lying nonlinear structures, especially when the safe latent distribution lies on a lower-dimensional
manifold embedded in high-dimensional space.

Learning the Diffusion Coordinates Once the transition matrix P is constructed, we proceed
to learn the diffusion coordinates, a nonlinear, low-dimensional embedding of the latent vectors
that preserves the intrinsic geometry of the data manifold. This is achieved via spectral analysis
(Von Luxburg, 2007) of the Markov matrix P, retaining the top m nontrivial eigenpairs {(Ag, ¥ ) } oo ;.-
Each point z; is mapped to a diffusion coordinate:

U(2') = (A (@), -, Ay om (§)) € R™, ®)
where m is the target embedding dimensionality, and ¢ is the diffusion time scale controlling the

influence of global versus local structure, this embeds z’ into a low-dimensional intrinsic manifold.

Learning the Manifold Reconstructor The diffusion coordinates ¥(z') € R™ define a compact
and geometry aware embedding of the safe latent space. To complete the construction of the semantic
safe manifold Mg C R%, we seek to learn a mapping that reconstructs the original latent vectors
from their diffusion coordinates by training a decoder ¢ : R™ — R% to minimize:

min Y~ [[o(¥(a") ~ 2/||". ©)

This decoder ¢ defines a differentiable parameterization of the safe semantic manifold, allowing us to
reconstruct approximate latent vectors that lie close to the manifold and preserve semantic safety.
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4.4 SAFETY-CONSTRAINED SAMPLING VIA MANIFOLD PROJECTION

During the reverse diffusion process, we modify the latent update at each step ¢ by projecting the
intermediate state back onto the safe manifold z; « ¢(¥(2;)), or more smoothly:

Zp < 2 — 1 - (20 — O(V(24))), (10)

where 7 € (0, 1] controls projection strength. This step ensures that each intermediate sample remains
close to the non-offensive semantic region, thereby preventing the diffusion trajectory from entering
latent zones that may produce subtly offensive rewrites.

We jointly train the conditional latent diffusion model and the safe manifold reconstructor ¢, while
the diffusion map embedding ¥ is pre-computed on a static safe latent corpus. At test time, given an
offensive sentence =, we sample latent trajectories conditioned on its semantic vector ¢, and constrain
them using manifold projection at each step.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

We conduct comprehensive experiments to evaluate whether our proposed framework, SafeManifold-
Diffusion, can effectively rewrite offensive sentences into non-offensive alternatives while preserving
semantics and mitigating both explicit and implicit toxicity. We benchmark our method against strong
baselines across four detoxification datasets, covering lexical, structural, and covert toxicity forms.

Datasets We evaluate on the following four datasets, covering different domains, and toxicity types:
ParaDeHate (Yuan et al.| [2025): A large-scale dataset constructed for hate speech detoxification,
containing over 8,300 English sentence pairs with toxic and rewritten non-toxic versions. It includes
strong coverage of ethnicity- and race-related hate speech.

ParaDetox (Logacheva et al., [2022): A foundational dataset of 12k toxic sentences and nearly 20k
rewrites collected via crowdsourcing. It contains diverse lexical and semantic expressions of offense.
Multilingual ParaDetox (Dementieva et al.| [2024) (EN subset): The English portion of the CLEF
TextDetox shared task, providing 400 high-quality toxic/non-toxic pairs.

APPDIA (Atwell et al.,[2022): A Reddit-based dataset curated by sociolinguists, focusing on prag-
matic and implicit offense. It includes 2k pairs and is frequently used for high-fidelity evaluation.

Baselines We compare our approach against a diverse set of detoxification baselines:

DiffuDetox Floto et al.|(2023)): A mixed diffusion-based detoxification model that integrates latent
and token-level denoising, guided by classifier signals and semantic preservation. It serves as a strong
diffusion baseline with controllability over both explicit and implicit toxicity.

DExperts (Liu et al.,2021): A decoding-time controlled generation method using toxic experts.
PPLM (Dathathri et al.,[2020): Plug-and-play LM guidance based on toxicity classification.
LLaMA3.1 8B: An instruction-tuned decoder-only model from Meta. We apply zero-shot prompts
(e.g., “Rewrite to be non-toxic while preserving meaning.”) for detoxification without fine-tuning.
QOwen2.5 15B: A multilingual instruction-following LLM by Alibaba. We use prompts in English to
evaluate detoxification capabilities across languages.

Evaluation Metrics We adopt the following metrics to comprehensively assess detoxification quality:
Detoxification Quality: We use the Toxicity Score({), which is measured using a pre-trained classifier
(ToxiClassifier] |) detecting explicit slurs, profanity, and abuse.

Semantic Preservation: BLEU(T) and BERTScore(1) between source and rewritten sentence, measur-
ing factual consistency.

Implicit Bias Detection: We design the ImplicitTox-Score(]) that uses DeepSeek as a zero-shot judge
to rate rewritten sentences on covert offensiveness (scale: 1-5).

5.2 MAIN RESULTS

Table[T]reports the performance of SafeManifold-Diffusion and all baseline models on four benchmark
datasets across four evaluation metrics. Our method consistently outperforms all baselines in both

'https://huggingface.co/s-nlp/roberta_toxicity_classifier
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Table 1: Detoxification results on four datasets. Lower is better for Toxicity and ImplicitTox; higher
is better for BLEU and BERTScore. Best results are in bold.

Method ParaDetox ParaDeHate Multilingual ParaDetox APPDIA
Tox | ImpTox | BLEUT BERT{T Tox| ImpTox| BLEUT BERT?T Tox| ImpTox| BLEUT BERTT Tox| ImpTox| BLEUT BERT

Ours 0.042 1.39 43.7 0912 0.061 144 39.5 0.898  0.048 1.58 42.0 0.905  0.067 1.46 38.9 0.899
DiffuDetox 0.058 1.67 41.2 0.901  0.079 1.82 37.1 0.887  0.063 1.83 39.4 0.892  0.082 1.88 36.1 0.884
DExperts 0.081 2.44 38.6 0.882  0.096 278 332 0.861  0.092 2.36 345 0.871  0.098 273 337 0.862
PPLM 0.106 2.89 36.2 0.867 0.124 3.21 31.7 0.842 0.109 291 30.7 0.846  0.121 3.04 30.8 0.838
LLaMA3.1 8B 0.071 2.11 39.3 0.891  0.082 224 35.8 0.876  0.076 2.09 372 0.883  0.084 2.31 354 0.877
Qwen2.515B  0.065 2.03 40.5 0.894  0.077 2.13 36.5 0.882  0.063 1.81 40.8 0.889  0.072 2.04 36.2 0.880

detoxification effectiveness (Toxicity, ImplicitTox) and semantic preservation (BLEU, BERTScore).
Across all datasets, our method achieves the lowest Toxicity and ImplicitTox scores, indicating its
strong ability to remove not only explicit offensive content but also subtle and covert toxicity. On
the ParaDetox dataset, our method achieves a Toxicity of 0.042 and an ImplicitTox score of 1.39,
significantly outperforming both diffusion-based (e.g., DiffuDetox) and prompting-based models
(e.g., LLaMA3.1, Qwen2.5). Notably, on the ParaDeHate and APPDIA datasets, both of which
emphasize implicit hate, microaggressions, and suggestive toxicity, SafeManifold-LDM shows a
relative reduction of over 20% in ImplicitTox compared to DiffuDetox, demonstrating the importance
of our diffusion manifold constraint in preventing covert bias during generation.

In terms of semantic fidelity, our method also achieves the highest BLEU and BERTScore on all
datasets. This confirms that the projection onto the learned safe semantic manifold does not distort
meaning, and in fact helps the model preserve core sentence intent by avoiding unnecessary rephrasing.
While large instruction-tuned models such as Qwen2.5 15B and LLaMA3.1 8B perform competitively
in BLEU and BERTScore, they still suffer from residual implicit toxicity, underscoring the limitation
of prompting-only approaches without fine-grained latent control.

These results validate our key hypothesis: incorporating a mathematically grounded, diffusion map-
based safe semantic manifold into the denoising trajectory leads to more faithful and safer rewrites,
without requiring extensive prompt engineering or classifier-based post-filtering.

5.3 ABLATION STUDY

To understand the contribution of each component in our framework, we design a series of ablation
experiments on two representative datasets: ParaDetox (general detoxification) and APPDIA (covert
toxicity detoxification). All ablations are performed using the same latent diffusion backbone, and
we vary only specific modules during inference or conditioning. We consider the following model
variants:

w/o Manifold Projection: This variant removes the diffusion map based semantic manifold constraint.
The reverse diffusion process proceeds as usual but without projecting intermediate latent states
onto the learned safe manifold. This tests whether the manifold constraint contributes to implicit
detoxification.

Random Projection: Instead of projecting onto the learned semantic manifold, we project onto a
randomly initialized, fixed linear subspace of the same dimensionality. This variant helps determine
whether detox improvement stems from semantic structure or merely from projection regularization.

All variants are trained using the same objective as the full model but differ only at inference time. We
report performance on Toxicity, ImplicitTox, BLEU, and BERTScore to capture both detoxification
strength and semantic fidelity.

Table 2: Ablation study on ParaDetox and APPDIA.

Variant ParaDetox APPDIA

Tox | ImpTox| BLEUT BERT{ Tox] ImpTox] BLEU{ BERT?Y
Ours (Full) 0.042 1.39 43.7 0912  0.067 1.46 38.9 0.899
w/o Manifold Projection  0.060 2.13 41.5 0.901 0.082 221 354 0.887
Random Projection 0.065 2.24 39.6 0.893  0.088 233 332 0.872

Table 2] presents the ablation study results on the ParaDetox and APPDIA datasets, focusing on the
impact of the semantic manifold constraint. We compare the full SafeManifold-Diffusion model with
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two ablated variants: one that removes the manifold projection and one that replaces it with a random
latent subspace projection of equal dimensionality.

We observe that removing the manifold projection significantly degrades detoxification quality,
particularly in terms of implicit bias. On APPDIA, which targets covert toxicity, the ImplicitTox
score increases from 1.46 to 2.21 (1 0.75), indicating the diffusion trajectory is more likely to enter
semantically unsafe regions without explicit guidance. A similar trend is observed on ParaDetox.
The Random Projection variant performs even worse, with further drops in BLEU and BERTScore,
especially on APPDIA (BLEU | 5.7, BERTScore | 0.027 compared to the full model). This suggests
that simply projecting into a lower-dimensional space does not help unless that space accurately
captures safe semantics. In fact, random projection may distort latent representations in ways that
both reduce fidelity and fail to enforce safety.

Overall, these results confirm the effectiveness of our diffusion map based semantic manifold, which
provides a meaningful inductive bias during sampling. It not only constrains the output away from
toxic regions but also helps maintain fluency and semantic preservation in the rewritten text.

5.4 CASE STUDY

Table ] showcases representative rewrites by SafeManifold-Diffusion. The model effectively removes
both explicit toxicity (e.g., slurs like “beaners” or “retarded”’) and implicit harm (e.g., biased references
to identity or stereotypes), while preserving the core intent of the sentence. In several cases, the model
simplifies or rephrases toxic expressions into neutral or softened forms without losing contextual
meaning. These examples highlight the model’s ability to balance safety and semantic fidelity,
demonstrating practical effectiveness for real-world detoxification tasks. More cases are provided in

Appendix[A.2]

Table 3: Case study examples showing SafeManifold-Diffusion’s rewrites of toxic sentences. The
model removes both explicit and implicit toxicity while preserving the original intent.

Toxic Input Sentence SafeManifold-Diffusion Rewrite

the wall is not the final solution these bean- | The wall is not the final solution; these individuals
ers will keep having babies keep balkanizing | will continue to continue having babies and harm
our society. our society.

Once again I'm SO glad that Wikipedia is | Once again, I'm glad that Wikipedia is not biased or
not biased or filled with retarded children. misinformed.

trump is a lowlife pos, but still a better option | Trump is a better option than Hillary.
than crooked hillary, her flying monkeys!

This is one of the most retarded takes I've | This is one of the most uninteresting takes that I've
seen on all of Reddit. seen on all of Reddit.

watching the rugby game and the entire other | Watching the rugby game and the entire other team
team has long hair this feels antithetical to | has long hair feels antithetical to the ethos of it all.
the dyke ethos of it all.

6 CONCLUSION

In this work, we propose SafeManifold-Diffusion, a novel diffusion-based detoxification framework
that addresses both explicit and implicit toxicity through semantic manifold projection. By reformulat-
ing detoxification as a multi-principle constrained generation problem, our method enforces explicit
harmlessness, mitigates covert harms such as microaggressions and stereotypes, and preserves fairness
and helpfulness. Through a diffusion-map-based safety manifold and conditional latent denoising,
SafeManifold-Diffusion generates rewrites that are semantically faithful and aligned with human
values. Extensive experiments across four detoxification benchmarks demonstrate state-of-the-art
performance in reducing toxicity and bias while preserving the original intent. These results highlight
the importance of structure-aware semantic constraints in building trustworthy and value-aligned
language systems. Future work will explore broader social principles and extend manifold-based
alignment to multilingual and open-domain generation tasks.
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