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Abstract
Text detoxification must remove harmful ex-
pression while preserving meaning and produc-
ing natural language. We present AMEND, an
inference-time framework that separates this
objective into role-conditioned proposal gen-
eration, isolated multidimensional criticism,
constraint-first selection, and bounded repair.
Three generator roles propose minimal edits,
tone-aware rewrites, and semantic paraphrases.
Independent toxicity, semantic-preservation,
and fluency critics evaluate each candidate with-
out observing its generator role. A constrained
selector first enforces semantic and fluency
thresholds and then ranks feasible candidates
by a transparent utility. AMEND Lite retains
the diverse first-round proposal set and invokes
one targeted repair only when residual toxic
spans remain. In a frozen evaluation on 100
ParaDetox inputs with three seeds and a local
4-bit Qwen3.5-4B-MLX model, AMEND Lite
obtains a joint proxy score of 0.6597± 0.0062,
compared with 0.6108± 0.0156 for the legacy
loop. The paired difference is +0.0489, with a
95% bootstrap interval of [+0.0212,+0.0788].
A separate ablation shows that one-round se-
lection over three role-conditioned candidates
improves over the strongest single role by
+0.0508 on the same joint proxy. Diverse pro-
posals and constraint-guided selection account
for the principal measured gains.

1 Introduction

Text detoxification rewrites harmful language into a
safer form while retaining the source message. The
task is intrinsically multi-objective: a rewrite can
remove overtly toxic words yet distort the speaker’s
proposition, or preserve the proposition while leav-
ing harmful spans intact. Naturalness adds a third
requirement because deletion and masking can pro-
duce conspicuous editing artifacts. These inter-
acting objectives motivate evaluation along style,
content, and fluency dimensions (Mir et al., 2019;
Logacheva et al., 2022b).

Existing detoxification systems span localized
replacement, controlled generation, paraphrase-
based transfer, explanation-guided rewriting, and
candidate reranking (Dale et al., 2021; Hallinan
et al., 2023; Lee et al., 2024; Khondaker et al.,
2024). A recurring design choice is how to com-
bine competing signals. A single scalar objective
permits a strong score on one dimension to com-
pensate for an unacceptable failure on another. A
single generated rewrite also hides useful varia-
tion between conservative editing and broader para-
phrasing.

AMEND addresses these issues as an inference-
time proposal–critique–selection process. The
same base language model is assigned three genera-
tion roles with distinct editing priorities. Each can-
didate is then scored by three separately prompted
critics, each restricted to one dimension. The se-
lector treats semantic preservation and fluency as
feasibility constraints before ranking candidates
for safety and overall quality. The resulting trace
records the proposals, critic outputs, constraint de-
cisions, accepted edits, and stopping reason.

We further introduce AMEND Lite, a bounded
control loop derived from an ablation of the orig-
inal multi-round implementation. The first round
retains all three generator roles and all three crit-
ics. A second round is invoked only when residual
spans require targeted repair, and only the minimal
editor is used. Duplicate and previously visited
states are filtered before scoring, while monotonic
acceptance and cycle detection prevent unproduc-
tive iteration.

This report makes three contributions. First,
it presents an implemented architecture for role-
diverse detoxification with role-blind, dimension-
specific critics. Second, it formulates candidate
choice as constraint-first selection, preventing low
toxicity from compensating for inadequate seman-
tic preservation or fluency. Third, it evaluates the
proposal set, feedback depth, and Lite controller
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through paired experiments on deterministic Pa-
raDetox subsets. The results identify diverse first-
round candidates and constrained selection as the
main source of improvement in the evaluated proxy
setting.

2 Related Work

2.1 Text Detoxification

Text detoxification has been studied as controlled
text generation and style transfer. Dale et al.
(2021) introduced strong pretrained-model ap-
proaches including localized mask-and-replace and
paraphrase-guided generation. ParaDetox later pro-
vided more than 10,000 toxic sentences paired
with human neutralizations, establishing a parallel
benchmark for English detoxification (Logacheva
et al., 2022b). MultiParaDetox extended parallel
collection and evaluation to Russian, Ukrainian,
and Spanish (Dementieva et al., 2024).

Subsequent systems target the safety–
preservation trade-off through different mecha-
nisms. COUNT discourages copying toxic identity
content with a contrastive unlikelihood objective
(Pour et al., 2023). MaRCo combines expert and
anti-expert signals during controllable revision
(Hallinan et al., 2023). XDetox locates toxic spans,
generates replacements, and reranks candidates
using token-level explanations (Lee et al., 2024).
DetoxLLM constructs pseudo-parallel data,
produces explanations and rewrites, and detects
inputs that cannot be detoxified without changing
their substance (Khondaker et al., 2024). AMEND
differs by generating full-sentence proposals under
multiple roles and applying isolated critics before
a constraint-first selector.

2.2 Multidimensional Evaluation

Style transfer evaluation commonly separates trans-
fer intensity, content preservation, and naturalness
(Mir et al., 2019). This separation is especially im-
portant for detoxification: masking can score well
on lexical removal while producing unnatural out-
put, and unconstrained paraphrasing can improve
style at the cost of meaning. Automatic detoxifi-
cation metrics correlate imperfectly with human
judgments, and their behavior varies across mod-
els and evaluation dimensions (Logacheva et al.,
2022a). LLM-based evaluators provide structured,
rubric-conditioned scoring at scale (Liu et al., 2023;
Ostheimer et al., 2024), while also exhibiting posi-
tion, verbosity, and self-preference biases (Zheng

et al., 2023). AMEND therefore keeps critic di-
mensions separate in the decision trace and reports
transparent external proxies as distinct columns
rather than presenting a critic score as ground truth.

2.3 Feedback and Multi-Agent Refinement
Self-Refine demonstrates test-time generation,
feedback, and revision with a single model
(Madaan et al., 2023). Multi-agent methods add
proposal diversity or discussion. ReConcile ag-
gregates heterogeneous model outputs through re-
peated discussion and confidence-weighted voting
(Chen et al., 2024), while multi-agent debate uses
iterative exchange to improve reasoning and fac-
tuality (Du et al., 2024). Controlled comparisons
show that debate protocols are sensitive to inter-
action design and do not uniformly dominate sim-
pler ensembles (Smit et al., 2024). MAMM-Refine
separates detection, critique, reranking, and revi-
sion, finding that different subtasks benefit from
different forms of collaboration (Wan et al., 2025).
AMEND follows a selection-first design: roles in-
dependently propose rewrites, isolated critics pro-
duce dimension-specific evidence, and an editor is
called again only for a bounded repair.

3 AMEND

3.1 Task Formulation
Given a source utterance x, AMEND produces a
rewrite y that reduces toxicity while preserving the
source semantics and maintaining fluent language.
Let T (y) ∈ [0, 1] denote toxicity, S(x, y) ∈ [0, 1]
semantic preservation, and F (y) ∈ [0, 1] fluency.
Candidate feasibility is defined as

S(x, y) ≥ τS , F (y) ≥ τF , (1)

with τS = 0.72 and τF = 0.70 in the implementa-
tion. Feasible candidates are ranked by

U(y) = 0.55(1−T (y))+0.30S(x, y)+0.15F (y).
(2)

This decomposition gives preservation and read-
ability veto power before utility ranking.

3.2 Role-Conditioned Proposals
The first round runs three generator roles con-
currently. The minimal editor replaces
toxic spans while retaining syntax and lexi-
cal content. The tone rewriter preserves
stance and intended action while expressing the
message in firm, respectful language. The
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semantic paraphraser permits broader re-
structuring but explicitly preserves entities, facts,
negation, modality, stance, and requested actions.
All roles use the same model and decoding con-
figuration; diversity is induced solely by isolated
instructions.

No role is privileged in subsequent evaluation.
Candidates are normalized, and empty outputs,
same-round duplicates, and texts already observed
in the trace are removed before critic calls. This
makes the candidate pool an auditable set of dis-
tinct editing strategies.

3.3 Isolated Critics
Three critics receive only the source text, candi-
date text, and language. The toxicity critic esti-
mates remaining toxicity and returns residual toxic
spans. The semantic critic evaluates whether en-
tities, factual content, stance, negation, modality,
and action requests are retained. The fluency critic
evaluates grammaticality, naturalness, and visible
editing artifacts. Each critic uses a separate prompt
and structured output, and the calls execute concur-
rently. Concealing the generator role prevents role
labels from entering the evaluation context.

Critic outputs serve two purposes. Their scalar
values determine candidate feasibility and ranking,
while their residual-span and rationale fields guide
trace inspection and a possible repair round. The
full per-round trace records critic scores, feasibility,
utility, selected candidate, and termination state.

3.4 Constraint-First Selection
The selector first filters candidates by the semantic
and fluency thresholds. It then maximizes U(y)
among feasible candidates. If no candidate is fea-
sible, the selector records the candidate with the
smallest aggregate constraint violation as a diag-
nostic repair target; the orchestrator does not accept
it as the new state. This rule prevents a superficially
safe but meaning-altering rewrite from advancing
through the loop.

The selector also keeps the dimensions inter-
pretable. The toxicity component receives the
largest utility weight after feasibility is established,
semantic preservation breaks ties between similarly
safe candidates, and fluency rewards polished out-
put without compensating for a threshold failure.

3.5 AMEND Lite
Figure 1 summarizes the implemented loop. Inputs
below the safety threshold are returned unchanged

only when both the model critic and transparent
residual-span checker find no remaining toxic span.
Other inputs enter a full first round with three gen-
erator roles and three critics.

Lite makes the feedback loop bounded and
monotonic. If the selected candidate remains above
the toxicity target or contains residual spans, the
second round calls only the minimal editor with the
critic feedback. A candidate is accepted when it
is feasible and either decreases toxicity by at least
the minimum step or keeps toxicity from increas-
ing while strictly reducing the residual-span count.
The process stops on a safe input, target attainment,
lack of improvement, a repeated normalized state,
absence of valid candidates, or the two-round limit.
These gates retain the multi-role search where di-
versity is most useful and narrow later computation
to residual repair.

4 Experimental Setup

4.1 Data and Deterministic Sampling

Experiments use the English ParaDetox training
file (Logacheva et al., 2022b), identified by SHA-
256 6c305890...9c72ebc. The sampling
pipeline filters sources with a transparent harmful-
term lexicon, deduplicates by source, assigns a
deterministic SHA-256 order, and selects contigu-
ous offsets. The initial ablation skips ten prompt-
development examples and evaluates the next 100
inputs. Lite variants are selected on offsets 110–
139. The frozen confirmation uses offsets 140–239,
which were not used for prompt or control-rule se-
lection. Comparisons within each experiment use
aligned inputs and seeds.

4.2 Model and Conditions

All reported model runs use a local 4-bit
qwen3.5-4b-mlx model through an OpenAI-
compatible LM Studio endpoint. Decoding uses
temperature 0.2, top-p 0.8, top-k 20, and a 128-
token output budget. Experiments use seeds 42, 43,
and 44.

The ablation compares three single-role gener-
ators, one-round selection over the exact candi-
dates produced by those roles, and legacy AMEND
with up to three rounds. Every condition uses the
same three critics. The frozen confirmation com-
pares keyword masking, the legacy three-round
controller, and AMEND Lite with a full first round
and at most one targeted repair.

3



Figure 1: AMEND Lite generates role-diverse candidates, evaluates them with isolated critics, selects under hard
preservation and fluency constraints, and invokes one targeted repair when residual spans remain.

4.3 Metrics and Statistical Analysis

We report transparent automatic proxies. Style
(lexicon) is one when the output contains no com-
plete match from the evaluation lexicon. Ref-F1
is unigram token F1 against the ParaDetox human
neutralization. Source-F1 is unigram token F1
against the source. Surface Fluency penalizes
empty strings, abnormal spacing or punctuation,
and explicit removal markers. The per-example
joint proxy is

Ji = Stylei × RefF1i × Fluencyi, (3)

and the reported joint score is the mean of Ji, rather
than a product of corpus-level means.

For model conditions, ± denotes the sample stan-
dard deviation of the three seed means. Paired
comparisons first average each aligned sample over
seeds and then apply 5,000 bootstrap resamples
over the 100 sample-level differences. We report
the observed difference and percentile 95% inter-
val.

5 Results

5.1 Role Diversity and Constrained Selection

Table 1 reports the initial ablation. One-round se-
lection over the three-role candidate pool reaches
a joint proxy of 0.5894± 0.0245, compared with
0.5385± 0.0080 for the strongest single role. The
paired improvement is +0.0508, with a 95% boot-

strap interval of [+0.0224,+0.0812]. The one-
round condition also improves over the minimal
role by +0.1270 and the semantic role by +0.0752,
with intervals excluding zero in both comparisons.

All three roles contribute selected outputs.
Across 276 non-safe first-round selections, the min-
imal editor is chosen 157 times, the tone rewriter 99
times, and the semantic paraphraser 20 times. Each
non-safe input produces 2.36 distinct candidates
on average. The distribution shows that conserva-
tive editing supplies the largest share of selected
rewrites, while broader alternatives provide addi-
tional feasible choices.

5.2 Frozen AMEND Lite Confirmation

Table 2 presents the frozen confirmation. AMEND
Lite reaches a joint proxy of 0.6597±0.0062, com-
pared with 0.6108 ± 0.0156 for legacy AMEND.
Lite increases Style from 0.8167 to 0.8767 while
also increasing Ref-F1 from 0.7497 to 0.7582 and
Source-F1 from 0.7941 to 0.8067. Surface Fluency
remains similar at 0.9870 and 0.9860.

After averaging seeds within each sample, the
paired Lite–legacy difference is +0.0489, with
a 95% interval of [+0.0212,+0.0788]. Lite im-
proves over keyword masking by +0.3836 with in-
terval [+0.3286,+0.4360], while legacy improves
by +0.3347 with interval [+0.2751,+0.3923].
The three Lite seed means are 0.6661, 0.6536, and
0.6596.
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Condition Style (lex.) Ref-F1 Source-F1 Surface Fluency Joint Proxy

Keyword mask 1.0000 0.7512 — 0.3770 0.2817
Single minimal 0.5867 0.7778 0.9010 0.9607 0.4623± 0.0122
Single tone 0.7533 0.7102 0.7590 0.9850 0.5385± 0.0080
Single semantic 0.6967 0.7280 0.7912 0.9820 0.5141± 0.0165
Multi-agent, one round 0.8000 0.7384 0.7983 0.9807 0.5894± 0.0245
AMEND, up to three rounds 0.8100 0.7395 0.7979 0.9797 0.5954± 0.0196

Table 1: Initial 100-example, three-seed ablation. Joint is the mean of per-example products.

Condition Style (lex.) Ref-F1 Source-F1 Surface Fluency Joint Proxy

Keyword mask 1.0000 0.7449 — 0.3710 0.2761
Legacy AMEND 0.8167 0.7497 0.7941 0.9860 0.6108± 0.0156
AMEND Lite 0.8767 0.7582 0.8067 0.9870 0.6597± 0.0062

Table 2: Frozen confirmation on a disjoint 100-example subset with seeds 42, 43, and 44.

Measure Legacy Lite Change

Physical requests/item 13.19 9.45 −28.4%
Prompt tokens/item 3466.7 2481.4 −28.4%
Completion tokens/item 654.2 439.7 −32.8%
Raw time/item (s) 54.6 38.0 −30.4%
Rounds/item 1.087 1.007 −7.4%
Candidates/item 2.31 2.10 −9.2%

Est. standalone requests/item 13.19 12.45 −5.6%

Table 3: Execution audit. Physical Lite measurements
reuse cached input critiques; the final row restores their
three requests per item.

5.3 Iteration and Stopping Behavior

The legacy full controller improves over one-round
multi-agent selection by +0.0061, with a 95% in-
terval of [−0.0028,+0.0163]. Among its 300 seed-
level outputs, 243 terminate at the target, 24 use the
safe-input path, 11 stop for no improvement, and
22 detect a cycle; none end unresolved at the round
limit. These outcomes motivate Lite’s allocation of
the full role set to the first round and a single repair
role to the second.

5.4 Execution Cost

Table 3 separates the physical paired run from an in-
dependently deployed request estimate. During the
paired run, Lite reuses each input critique from the
aligned legacy record. This execution records 9.45
requests per example for Lite and 13.19 for legacy,
a 28.4% reduction. Adding the three input-critic
requests required by standalone Lite gives an esti-
mate of 12.45 requests per example, approximately
5.6% below legacy. The run completes 600 con-
dition records with no unresolved failures, 6,793
local model requests, and two automatic retries.

6 Analysis

6.1 Complementary Proposal Roles

The selection counts and paired results jointly char-
acterize the role pool. The minimal editor supplies
the plurality of accepted candidates and preserves
the greatest source overlap, while the tone role is
the strongest single-role condition. The semantic
paraphraser is selected less often but still produces
distinct feasible alternatives. Constraint-guided se-
lection exploits these asymmetric strengths without
requiring a fixed role preference. The improve-
ment over every single-role condition follows from
choosing among aligned candidates rather than re-
sampling a separate multi-agent condition.

6.2 Why Lite Retains the Main Gain

The ablation assigns most of the measured gain
to diverse first-round proposals and constrained
selection. Additional open-ended rounds change
the joint proxy only slightly. Lite preserves the
high-value stage, then uses critic residual spans to
narrow the repair operation. Duplicate filtering,
monotonic acceptance, and cycle detection further
prevent repeated evaluations of equivalent states.
This design aligns computation with the observed
contribution of each stage: broad search first, tar-
geted correction second.

7 Conclusion

AMEND structures text detoxification as a transpar-
ent sequence of diverse proposal generation, iso-
lated multidimensional criticism, constraint-first
selection, and bounded repair. The initial ablation
shows that selecting from three role-conditioned
candidates improves the joint proxy over every
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single-role condition. The frozen confirmation
shows that AMEND Lite raises the joint proxy from
0.6108±0.0156 to 0.6597±0.0062, with a paired
difference of +0.0489. The component scores in-
crease together, and the bounded controller retains
the first-round gain while directing later computa-
tion to residual spans. These findings establish a
practical basis for expanding AMEND with inde-
pendent evaluators, human judgments, and broader
model and language coverage.

Limitations

The confirmation covers 100 lexicon-matched En-
glish ParaDetox sources and three decoding seeds.
It measures a controlled local configuration with
a 4-bit Qwen3.5-4B-MLX model; it does not es-
tablish behavior for other model families, model
scales, domains, or languages. The initial ablation
and frozen confirmation use disjoint deterministic
offsets, but neither constitutes a full-benchmark
comparison.

The reported Style, Ref-F1, Source-F1, Surface
Fluency, and Joint values are transparent automatic
proxies. Lexicon absence does not capture implicit
toxicity, unigram overlap does not fully measure se-
mantic equivalence, and the surface heuristic does
not measure human naturalness. The generator and
critics share the same base model, creating cor-
related errors and possible self-preference. The
study contains no independent learned toxicity or
fluency evaluator and no blinded human evalua-
tion. Accordingly, the results support the evalu-
ated proposal and control mechanisms rather than
a state-of-the-art quality claim.

The multi-round difference has a 95% interval
crossing zero, so the experiment does not establish
a stable gain from additional rounds. The physical
Lite execution reuses cached input critiques; its
28.4% request reduction is not an independent de-
ployment estimate. Restoring those requests yields
an estimated 5.6% reduction, while uncached token
and latency measurements are unavailable.

The repository records exact summaries, aggre-
gation code, dataset hashes, and sampling proce-
dures, but the present checkout does not include
the original experiment JSONL files, run manifests,
or the ParaDetox data file. The tables are there-
fore traceable to committed result documents but
cannot be regenerated from the public report direc-
tory alone. The evaluated model artifact also lacks
a committed binary hash and LM Studio version

record. DeepSeek experiments, external metrics,
human judgments, and cross-lingual evaluation re-
main outside the evidence presented here.

Ethical Considerations

Text detoxification can support safer communica-
tion and moderation workflows, but automated
rewriting also changes a speaker’s expression.
Systems should preserve propositions, identity
references, negation, and intended actions, and
they should expose the transformed text when
authorial control matters. Over-aggressive neu-
tralization may erase legitimate anger, political
speech, reclaimed language, or descriptions of
abuse. AMEND’s semantic constraint and trace
improve inspectability but do not replace contex-
tual review.

Deployment should distinguish assistance from
covert censorship. A user-facing editor can propose
alternatives and let the author choose; an enforce-
ment system requires policy transparency, appeal
paths, and evaluation across communities and di-
alects. Toxic examples should be stored and dis-
played only where needed for research or audit-
ing, with access controls appropriate to the source
data. The report reproduces aggregate measure-
ments rather than unnecessary harmful utterances.

Data Availability

The implementation, test suite, sampling and aggre-
gation code, configuration documentation, and ag-
gregate result reports are available in the AMEND
repository. ParaDetox is distributed by its origi-
nal authors under its own terms. Dataset hashes
and deterministic offsets identify the evaluated sub-
sets without redistributing source examples in this
report.
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round count, and a changed flag. Critic scores
are validated to the interval [0, 1]. Offline unit tests
cover safe-input bypass, English and Chinese con-
trol flow, residual-span gating, no-op filtering, tar-
geted second-round repair, constrained selection,
joint-metric aggregation, deterministic sampling,
and stable group splitting. At report preparation
time, all 29 tests passed under Python 3.9.6 and
Python 3.13.12, and source compilation passed un-
der Python 3.13.12.

B Paired Comparisons

Comparison Difference 95% interval

One-round − mask +0.3077 [+.2488,+.3656]
Full − mask +0.3138 [+.2552,+.3711]
One-round − minimal +0.1270 [+.0778,+.1789]
One-round − tone +0.0508 [+.0224,+.0812]
One-round − semantic +0.0752 [+.0341,+.1186]
Full − one-round +0.0061 [−.0028,+.0163]
Lite − legacy +0.0489 [+.0212,+.0788]
Lite − mask +0.3836 [+.3286,+.4360]

Table 4: Sample-aligned joint-proxy comparisons with
5,000 paired bootstrap resamples.
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