GuardPaint: Speculative Safety Decoding for Text-to-Image Generation
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Abstract

Text-to-image (T2I) diffusion models offer
powerful visual generation, but their controlla-
bility creates a critical safety challenge: adver-
sarial prompts can steer the denoising trajectory
toward policy-violating content such as explicit
nudity or graphic violence. Existing safeguards
mostly act before generation through prompt fil-
tering or after generation through image classi-
fication, leaving the diffusion process itself un-
guarded and often yielding only refusal rather
than safe visual repair.

We introduce GuardPaint, a speculative decod-
ing framework for safe T2I generation that in-
tervenes inside the diffusion trajectory without
modifying the base model. A lightweight au-
ditor monitors intermediate images, localizes
unsafe regions, and triggers surgical inpainting
repair only where needed. Candidate repairs
are generated by a policy-aligned inpainter and
selected through a guarded tournament that ac-
cepts edits only when they improve policy com-
pliance while preserving prompt fidelity and
perceptual quality.

Across five jailbreak families—SneakPrompt,
MMA, PGJ, DACA, and RABell—and
UNet/flow-matching models including SD 1.5,
SDXL, SD 3.5, and FLUX.1-dev. GuardPaint
reduces attack success and harmful generations
with minimal degradation to image quality,
prompt fidelity, and benign behavior.

Content warning: This paper contains examples
involving nudity and violence that some readers
may find disturbing, distressing, or offensive.

1 The Case for Plug-and-Play Safety
Alignment in Text-to-Image Generation

Text-to-image (T2I) diffusion models now produce
high-fidelity images from open-ended prompts, but
*To further research in the field we release our code
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the same controllability creates a sharp safety fail-
ure mode: adversarial prompts can steer the de-
noising trajectory toward policy-violating content,
including explicit nudity and graphic violence. Re-
cent attacks exploit prompt obfuscation, token sub-
stitution, multilingual or Unicode perturbations,
and semantic rewriting to bypass surface-level safe-
guards (Yang et al., 2024b,a; Tsai et al., 2024;
Deng and Chen, 2024; Ma et al., 2025; Struppek
et al., 2023; Ba et al., 2024). As T2I systems move
into creative and public-facing deployment, safety
mechanisms must block harmful content without
unnecessarily degrading benign generations.

Existing defenses mostly protect the boundaries
of generation. Prompt-level safeguards detect,
rewrite, or normalize unsafe inputs before sam-
pling (Wu et al., 2024; Liu et al., 2024b), while
post-hoc classifiers intervene only after an image
has already been produced. These methods can
refuse or flag content, but they do not guard the
diffusion trajectory and rarely provide a compli-
ant visual alternative. Other methods modify the
generator itself through concept erasure, model
editing, safe denoising, inference-time steering, or
preference alignment (Schramowski et al., 2023;
Gandikota et al., 2023; Meng et al., 2026; Kim
et al., 2025; Wallace et al., 2024; Li et al., 2024a;
Borso et al., 2025; Hong et al., 2025; Park et al.,
2024; Li et al., 2024b; Zhang et al., 2025; Liu et al.,
2024a). While effective in specific settings, they of-
ten require model-specific retraining, global distri-
butional changes, or do not explicitly repair unsafe
spatial regions during decoding.

This motivates a central systems question:

Can safety alignment be introduced as
a modular decoding-time layer without
modifying the underlying generator?

We argue that such a layer requires moving from
boundary-level filtering to trajectory-level repair.
Rather than rejecting prompts before sampling or
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Table 1: Positioning of GUARDPAINT. Prior T2I safety methods filter prompts, classify outputs, edit weights, steer
generation, or align model distributions. GUARDPAINT combines trajectory-level intervention, localized repair, safe
visual alternatives, plug-and-play deployment, and tournament-based repair selection.

. Trajectory Localized Safe visual Nobase Tournament

Method family 1 . . .. .
evel repair  alternative retraining selection

Prompt filtering / rewriting (Wu et al., 2024; Liu et al., X X X v X
2024b)
Post-hoc safety classifiers X X X v X
Concept erasure / model editing (Schramowski et al., X X X X X
2023; Gandikota et al., 2023)
Inference-time safety steering (Meng et al., 2026; Kim v X v v X
et al., 2025)
Preference-aligned diffusion models (Wallace et al., X X v X X
2024; Li et al., 2024a; Borso et al., 2025; Hong et al.,
2025; Park et al., 2024; Li et al., 2024b; Zhang et al.,
2025)
Preference-tuned inpainting (Liu et al., 2024a) X v v v X
GUARDPAINT v v v

classifying images after generation, a safety layer
should monitor the denoising process itself, detect
when unsafe structure emerges, and intervene lo-
cally. The desired intervention is plug-and-play
across evolving T2I backbones, localized to unsafe
regions, and selective enough to reject edits that
harm prompt fidelity or perceptual quality.
GUARDPAINT follows this premise. In-
spired by speculative decoding in language mod-
els (Leviathan et al., 2023; Chen et al., 2023), the
frozen diffusion generator acts as a draft model
and a lightweight auditor acts as a verifier. At se-
lected denoising steps, the auditor localizes unsafe
regions; a policy-aligned inpainter proposes candi-
date repairs; and a guarded tournament ranks these
candidates, accepting an edit only when it improves
auditor-defined policy compliance while preserv-
ing fidelity and perceptual quality. The result is a
plug-and-play safety alignment layer that converts
unsafe generations into safe, semantically coherent
visual alternatives rather than blank refusals.

Contributions.

* We introduce plug-and-play safety alignment
for T2I diffusion models via decoding-time tra-
jectory intervention instead of generator retrain-
ing.

* We propose GUARDPAINT, a speculative safety
decoding framework combining adversarial au-
diting, localized inpainting repair, and guarded
candidate ranking.

* We introduce a guarded tournament align-
ment mechanism that accepts repairs only when

they improve auditor-defined policy compliance
while preserving fidelity and perceptual quality.

* We demonstrate deployment across UNet-based
and flow-matching T2I architectures without
modifying base-model weights.

2 GuardPaint: Speculative Safety
Decoding

Overview. Let p be the prompt and let {z;})_
denote the denoising trajectory of a frozen gen-
erator Pp,s.. GUARDPAINT treats this trajec-
tory as a sequence of auditable intermediate
states. At selected timesteps ¢ € Taudit, the la-
tent is decoded into an audit view I; = Dec(z).
A lightweight Auditor-Scorer Ag estimates three
quantities: whether intervention is needed, where
unsafe content is localized, and whether a proposed
repair preserves safety, faithfulness, and percep-
tual quality. If no violation is detected, denoising
continues unchanged. If a violation is detected,
a policy-aligned inpainter A, proposes local re-
pairs, and a guarded tournament accepts an edit
only when it improves the calibrated safety objec-
tive while passing fidelity and quality gates.

This yields a draft-audit-repair-verify loop.
The frozen diffusion model is the draft; the audi-
tor is the verifier; the inpainter proposes localized
repairs; and the tournament performs selective ac-
ceptance. The key invariant is an auditor-defined
non-regression guard: when no candidate passes
the guard, the base trajectory is preserved.



Figure 1: GUARDPAINT inference pipeline. At audited denoising steps, the current latent is decoded into an
intermediate image and passed to the Auditor-Scorer. If no unsafe region is detected, the base trajectory continues
unchanged. If a suspect region is detected, the tournament policy proposes N inpainting configurations, the
policy-aligned inpainter generates N local repair candidates, and the guarded tournament selects a winner for latent

reinsertion.

2.1 Auditor-Scorer: Detecting When and
Where to Intervene

The Auditor-Scorer Ag is a multi-task model with
three roles: trigger repair, localize unsafe regions,
and score candidate repairs. It uses a ResNet-101

backbone pretrained on ImageNet (He et al., 2016).

Prompt and timestep conditioning. A
lightweight BiLSTM text encoder with word
embeddings (diexy = 512) encodes the prompt.
Spatial image features attend to prompt-token
features through 8-head cross-attention with
pre-LayerNorm, yielding a prompt-conditioned
visual representation for the faithfulness branch.
A 3-layer timestep MLP, 128 — 256 — 512 with
SiLU activations, embeds ¢/T" € [0, 1]. Two FIiLM
projections (Perez et al., 2018) produce (v, )
modulation parameters, allowing the auditor to
calibrate risk differently for early noisy views and
late semantically formed images.

Multi-task outputs. The auditor produces six
outputs, organized by function:

1. Triggering: binary adversarial probabil-
ity Jaqv € [0,1] and class logits over
{safe, nudity, violence}.

2. Localization:
[0’ 1]H>< w

per-class risk maps 7. €
used to mine unsafe spatial regions.

3. Tournament scoring: prompt faithfulness F/,
seam/perceptual quality P, and relative adver-
sarial suppression strength B € [0, 1].

The faithfulness branch is isolated from safety-
label gradients: safety labels do not update the
image—text alignment head, preserving a clean fi-
delity signal for tournament gating.

Region mining. At inference, the adversarial
map head Conv2d(2048,1,1) — Sigmoid pro-
duces 7,4, € [0,1]7 "*W' This map is bilinearly
upsampled to 512 x 512, thresholded at the 85th
percentile, and feathered with a Gaussian kernel
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Dynamic reference. To prevent manifold depar-
ture, we tried updating the reference model every
N gradient steps. This accelerated instability: accu-
mulated errors in the trainable model were passed
to the reference model, which then guided train-
ing toward its own failures in a positive-feedback
loop. Image quality outside the mask degraded
correspondingly.

Reconstruction and identity losses. To anchor
the model to the image manifold, we introduced
two auxiliary losses (described fully in §C.4): a
reconstruction loss penalising noise-prediction er-
ror outside the mask, and an identity guardrail pe-
nalising Zp-space divergence from the reference.
These improved manifold stability but introduced
a new failure mode: the model learned to smudge
hands, feet, and peripheral body parts inside the
mask—a pixel-destruction strategy that achieved
low KTO/BCO loss while staying near the identity
boundary.

Modified loss formulation. We observed that the
reference model did not always generate a policy-
violating inpaint, especially for prompts that did
not explicitly mention NSFW content (Qwen-2.5-
VL captions tend to be descriptive rather than ex-
plicit). We reframed the problem as alignment and
safety-quality improvement, computing the g-term
as the difference of MSEs against ground-truth
noise rather than against the reference. Results
were similar.

Prompt dropout. Observing that the cross-
attention layers were overweighted (higher acti-
vation delta than before the manifold dip and after
recovery), we suspected the cross-attention was
learning to key on NSFW token patterns rather
than visual features. We introduced 30% prompt
dropout per batch, zeroing the text conditioning to
force spatial grounding of the refusal signal. This
engineering choice is retained in the BCO configu-
ration.

C.3.3 Why KTO Failed: Theoretical Analysis

Failure Mode 1: e-space stochasticity. The
KTO g-term (1) is computed from Zy predictions,
but the Zy reconstruction is itself a function of the
noise € sampled at each step. At high timesteps
t ~ U[500,1000), the standard deviation of € is
~ (1), and the resulting variance in the masked
MSE across samples from the same image at
the same ¢ is O(10~1). The preference gap be-

tween safe and unsafe images in our dataset is
O(1072). Consequently, the signal-to-noise ratio
of the preference gradient is less than 1; the loss
tracks noise-schedule variance rather than safety
information. This produces the characteristic flat
hsafe = hunsafe =~ 0.500 plateau observed in early
KTO runs.

Failure Mode 2: Asymmetric risk cannot be en-
coded cleanly. KTO uses (1 — o(x)) as its loss
function, which is equivalent to log o(—x) up to
sign. The curvature of this function is symmet-
ric in z: moving the policy away from a violation
provides the same gradient magnitude as moving
it toward a safe completion. Our risk profile is
strongly asymmetric: false negatives on unsafe
content (NSFW output reaches the user) are far
more costly than false positives (over-suppression
of benign content). KTO has no mechanism to en-
code this asymmetry beyond the class weights w,,
which scale the loss magnitude but not the gradient
shape.

Additionally, KTO’s EMA baseline is computed
from safe samples only ((C.3.1)), then subtracted
from both safe and unsafe g-terms. This conflates
the distributional statistics of two distinct popu-
lations: safe images (where g ~ 0 under a well-
behaved policy) and unsafe images (where g > 0
is desirable). Subtracting a safe-derived baseline
from the unsafe signal systematically miscalibrates
the centering.

Failure Mode 4: Identity loss bleeds globally.
The KTO implementation computes the identity
gap as a single global scalar:

~ ~ 2
tia = (|I125 — 25"(1* — 0.02)7,

aggregated over all samples. A single severely
drifted sample inflates this scalar, raising the
penalty for all other samples and causing the op-
timizer to over-regularize the well-behaved ones.
The resulting signal is poorly calibrated and im-
pedes the policy’s ability to diverge from the ref-
erence on unsafe samples—which is precisely the
desired behavior.

C.4 BCO Loss: Full Formulation with Proofs
and Motivations

BCO (Jung et al., 2024) reformulates the alignment
objective as binary classification: a sample is “de-
sirable” (y = 1) if it should be encouraged and
“undesirable” (y = 0) if it should be suppressed.



The following sections derive each component of
the BCO loss from first principles.

C.4.1 Why %, Not ¢

Standard diffusion training minimises noise-
prediction MSE ||y — €||?. At timestep ¢, the
magnitude of e is ~ O(1), so small changes in
€p produce large, timestep-dependent changes in
the MSE. A reward computed from ||y — €||? is
therefore dominated by ¢, making per-class weight-
ing meaningless—a sample at ¢ = 900 produces
10-100x the loss magnitude of the same sample at
t = 100.
Instead, both UNets predict the clean latent:

e At MEQ

T
The denominator /& ranges from approximately
1.0 (at t = 0) to ~0.01 (at t = 999). While
2o predictions are noisier at high ¢, they are cal-
ibrated to the same latent space regardless of t:
20 € |[=302,, +30,] with bounded variance. This
invariance is the key property: per-class weights
now operate on a reward signal with consistent
scale, making nudity weight 5.0x and violence
weight 12.0x interpretable as actual preference ra-
tios.

o c {0, ref}.

C.4.2 Masked MSE Reward

The reward quantifies how much better the train-
able policy reconstructs the safe target inside the
mask, relative to the frozen reference:

w=14+ XAy, -my, Ay = 0.5,

_ Zb,c,h,w w- (’26 B 20)2 gz

>y ’

lo
gi = 0= — 00

Note the sign convention: g; > 0 means the train-
able model reconstructs the masked region better
than the reference (closer to zg). For safe images,
g > 0 is desirable—the policy should improve
on the reference. For unsafe images, g < 0 is
desirable—the policy should produce reconstruc-
tions further from the policy-violating zg.

The mask weight \,,, = 0.5 applies 1.5x gradi-
ent emphasis inside the adversarial region without
completely ignoring the surrounding context. Ig-
noring the unmasked region entirely (\,,, — 00, i.e.
masking the loss to the interior only) removes the
coherence signal from the context border, produc-
ing visible seam artifacts at the mask boundary.

Hinge cap on unsafe reward. For unsafe sam-
ples (y = 0), the reward is capped at:

g; < min <gi, 1.5- |gunsafe|detach>a

where Gunsafe 1S the mean reward over unsafe sam-
ples in the current batch. Without this cap, the pol-
icy can exploit the mask by uniformly suppressing
all content inside it—a trivial maximisation of —g
that achieves a very negative reward (far from zg)
while producing visually incoherent output. The
cap prevents the policy from exploiting arbitrar-
ily large reward by bounding the unsafe reward at
1.5x its own class mean, forcing it to find solu-
tions that are both safe-suppressing and spatially
coherent.

C.4.3 Reward-Shift EMA and BCO Loss

To center the reward at the decision boundary be-
tween safe and unsafe classes, we maintain an ex-
ponential moving average:

Sraw = %(E[g\yzll + E[g\y=0]>,
Sema < 0.999 Sema + 0.001 Sraw,
Sema € [—0.03, +0.03].

Why the symmetric midpoint? The shifted re-
ward r; = ¢g; — Jema Should be positive for safe
samples (the policy is better than baseline) and
negative for unsafe samples (the policy is worse
than baseline). The optimal centering point is the
midpoint of the two class means, which is exactly
Oraw. KTO’s centering ((C.3.1)) uses a safe-only
EMA, which systematically underestimates the true
decision boundary when g differs across classes,
miscalibrating the loss.

The EMA clamp is applied in-place to the stored
EMA value before any downstream use: The
[—0.03,4-0.03] bound is tighter and symmetric
compared to KTO’s [—0.02,40.05], preventing
runaway baseline drift in either direction.

BCO loss: softplus vs. sigmoid. Given r; =
gi—0ema and label sign sgn;, = 2y;—1 € {—1,+1},
the per-sample BCO loss is:

511.3CO = softplus(—sgn, - 8 - ;)

= log(1 + exp(—sgn; - 3 - 7).
Why softplus instead of KTO’s (1 — o) loss?
Note that log o(x) = —softplus(—z). The KTO
per-sample loss w, (1 — h;) with h; = o(-) is re-
lated to the negative log-likelihood — log o (-) but
has a different gradient profile.



1. Gradient saturation. 0(1 — o(x))/0x =
—o(z)(1 — o(x)), which collapses to zero as
xr — £oo. Osoftplus(—z)/0xr = —o(—x) =
—(1 — o(x)), which goes to —1 as x — +00
and to 0 as x — —oo. Softplus maintains
nonzero gradient on correctly classified, highly
confident samples, continuing to push them fur-
ther from the boundary. KTO’s (1 — o) loss
provides a vanishing gradient once h is large,
causing training to stall for well-separated sam-
ples while allowing hard cases to drift.

2. Probabilistic interpretation. Softplus is the
numerically stable form of the binary cross-
entropy loss — log o (), which is the maximum-
likelihood loss for a logistic classifier. KTO’s
(1 — o) loss lacks this clean probabilistic inter-
pretation and is less aligned with standard RL
reward maximization intuition.

3. Numerical stability. At g = 50, the argu-
ment to the sigmoid can easily reach |Gr| ~
50 x 0.5 = 25, causing floating-point overflow
in exp(25) ~ 7x 109, PyTorch’s F.softplus
handles this via the numerically stable formula-
tion max(x, 0) + log(1 + exp(—|z|)).

The final BCO loss aggregates with per-class
weights w,:

Lsco = E;[wy - softplus(—sgn; - 5 - 13)],
B = 50.

C.4.4 Identity Guardrail: From Linear
Penalty to Quadratic Hinge

The smudging problem. An early linear identity
penalty Liq = [|2§ — 2°||? creates a continuous
tradeoff: the policy can achieve low BCO loss (sup-
pressing unsafe content) while staying near the
reference (low identity loss) by smudging pixels—
slightly blurring or washing out the masked re-
gion rather than replacing it with coherent con-
tent. Smudging produces ||2§ — 257||2 ~ 0.01-
0.03, which is small enough to be tolerated by a
linear penalty but large enough to visually destroy
the image.

The Quadratic Hinge. The fix is a threshold
that allows free exploration below a safe-smudging
boundary and applies quadratic torque above it:

) 0 ref /- 2
tia(i) = (I120() — 257 (@) |1° — 5)T, = =10.02,
Liq = E;[w; - 6ia(7)] ,

where w; = 30.0 for safe samples and w; = 5.0
for unsafe .

The hinge at x = 0.02 is chosen based on empir-
ical observation: below this threshold, the model
is rendering coherent content (clothing, fabric tex-
ture, background elements); above it, the model
is applying large-scale structural distortions in-
cluding smudging. Below k: zero penalty—the
model may freely render clothing, fabric, and back-
ground detail. Above k: quadratic torque—the
penalty grows as the square of the excess, mak-
ing large distortions (¢igy > k) prohibitively ex-
pensive. A distortion of ¢;g = 0.05 incurs penalty
(0.05—0.02)%2 = 9x 10~4, while 4,4 = 0.10 incurs
(0.10 — 0.02)? = 6.4 x 10~3—a 7.1x increase for
a 2Xx increase in distortion.

Hinge applied per sample, not globally. BCO
applies hinge per sample before aggregating.

, 2
KTO: L = (Ei [Hzg - zgefuﬂ - 0.02)+
With global aggregation, a single badly drifted sam-
ple inflates the mean, raising the penalty for all
other samples and causing the optimizer to over-
regularise the well-behaved ones. Per-sample hing-
ing isolates the penalty to the drifted samples, main-
taining a clean gradient for samples that are already
rendering coherent content.

Small weight for unsafe samples. The identity
loss is applied to unsafe samples at a reduced
weight (w; = 5.0 vs. 30.0 for safe). This is deliber-
ate: for unsafe samples, the policy should diverge
from the reference inside the mask (the reference
produces NSFW content; the policy should not).
However, the identity loss is applied across the full
image (2 is full-resolution), so it also anchors the
unmasked background. The small weight preserves
this background anchor—preventing suppression
from bleeding into arms, hands, and context out-
side the mask—without blocking the policy from
diverging on the masked region.

C.4.5 Reconstruction Anchor

The reconstruction loss anchors the unmasked back-
ground to the ground-truth noise:

>iTi - [l(ep —€) © (1 —my)|17

Zi Ti ,
where 7; = 200.0 for safe samples and 7; = 0.0
for unsafe.

»Crecon =



Why noise space, not Z; space? The reconstruc-
tion loss operates in e-space rather than Zy-space,
because it targets the unmasked region where the
noise-schedule variance argument does not apply:
at any timestep ¢, the noise prediction on an un-
masked region should match the ground-truth noise
e regardless of £. Using 2y in the unmasked region
would require dividing by /a;, which amplifies
errors at high ¢ and is unnecessary since we are
not computing a preference signal here—only an
anchor.

Why zero weight for unsafe? The policy should
freely modify the unmasked background on unsafe
samples only in the sense of preventing leakage
from the masked region. Applying a strong re-
construction anchor to unsafe samples creates an
objective conflict: the BCO loss pushes the mask
region toward non-NSFW content, while the recon-
struction loss would resist any structural change to
the surrounding context. Zeroing the unsafe recon-
struction weight removes this conflict, allowing the
identity loss (at small weight) to provide the light
background anchor.

Normalized aggregation. BCO uses a normal-
ized weighted mean: Liecon = (D_,; 7ili)/ (D, T4)-
Since unsafe samples have #; = 0, the denomina-
tor equals the sum over safe samples only, making
the result the mean reconstruction loss of safe sam-
ples. This is preferable to the KTO formulation of
Lrecon = 200.0 x mean(¥;), which scales the raw
mean (including near-zero unsafe contributions)
by a large scalar, creating scale mismatch. Large
fixed scalar multipliers are sensitive to learning
rate choice and require careful tuning; normalized
aggregation is robust to class imbalance.

C.4.6 Multi-Step DDIM Unrolling

At inference, the inpainter runs the full DDIM
schedule starting from the scheduler’s audited
timestep. Single-step proxy training (predicting
at one t) creates a distribution gap: the model is
trained to minimize single-step 2o MSE, but evalu-
ated on multi-step trajectories.

Every 10 gradient steps, we augment the BCO
loss with a second pass at a lower timestep. Given
the current timestep ¢ and unrolling factor K = 10:

J(5) 2ty — /1T —au, €plz,, ts)

Z =
0 — )
Vai,
. — ~(8) =
Ztsp1 = M'ZO + mee(%ts%

run for K — 1 deterministic (n = 0) DDIM steps
under no_grad to produce ziq. We then re-noise:
2, = \/@Zmid+ \/Wel, tf = Lt/KJ, and
compute a second BCO loss at (2 ;> tr) under gra-
dients.

Both passes contribute equally (weight 0.5 each)
to the final gradient:

el — 050 +0508)

To prevent holding two full UNet activation graphs
in VRAM simultaneously, pass-1 backward is
called before pass-2 forward.

C.4.7 Full Objective
L= 4‘CBCO + £recon + £id-

The factor of 4 on Lgco was tuned empirically.
The softplus loss with 5 = 50 has magnitude
~ O(1072-1071) at the decision boundary. The
reconstruction and identity losses have magnitude
~O(1071-10°) (noise-space MSE). The factor of
4 brings the BCO signal into the same order of
magnitude as the auxiliary losses, preventing them
from dominating the gradient.

Training batches are stratified: 8 safe / 4 nudity /
4 violence per batch of 16. Prompt dropout: 10%
per sample independently (reduced from the 30%
used in the later KTO experiments, as the BCO loss
is less prone to cross-attention overfitting due to its
spatial masking).

C.5 Failure Mode Archaeology

Table 5 documents the specific failure modes dis-
covered across the different training runs, the diag-
nostic evidence that revealed them, and the archi-
tectural fix applied.

C.6 Training Dynamics and final Results

Figure ( 8) displays the final training run dynamics.

Three-phase dynamics. The final training run
exhibits a characteristic three-phase training trajec-
tory:

Phase 1 (steps 0—-1000): SFT exploitation and
smudging. The model first uses the SFT prior to
make modest progress (AN rises to 0.222), then
transitions to pixel smudging as a cheaper opti-
mization path. At step 1000, hyy = 0.772 > hg =
0.668: the model has become “more confident” on
unsafe images than safe ones, a signature of the
smudging attractor. The inverted gap indicates the
model has found an incorrect local minimum.


















where f; € R?%0 is the i-th candidate’s image em-
bedding. When embeddings are unavailable (early
in training before candidates have been scored), the
diversity term falls back to pairwise distances in
the normalized raw action space:

1
_m Z |’agont _ a(]:'ontHZ
2

i<j

fallback __
Ediv -

The action-space fallback is less meaningful (dif-
ferent actions can produce similar images) but is
nonzero and continues to push the policy away
from collapsed modes.

cont disc
£GT == £PG - /\H Hcont - )\[1115 Hdisc

+ )\cﬁcost - )\divﬁdiV7

with hyperparameters: A$™ = 0.01, Adis¢ = 0.005,
Ae = 0.005, Agiy = 0.01.

D.3 Guarded Utility: Time-Varying
Thresholds

The implementation uses time-varying thresholds
that change as a function of the normalized
timestep tnorm = t/71":

75 (tnorm) = 0.40 + 0.25 - norm

0.30 + 0.30 £norm,

thorm < 0.85,
TF(tnorm) =

0.55 — 0.10 (lem=085)

tnorm > 0.85.

Why does 7~ have a non-monotone profile?
The faithfulness threshold peaks around t,orm ~
0.85 (T ~ 0.555) and then relaxes slightly. This
reflects two competing effects:

1. Mid-trajectory faithfulness matters most. At
thorm ~ 0.8-0.85, global compositional struc-
ture (which objects are present, their spatial
arrangement) is being finalized by the denois-
ing process. Accepting a low-faithfulness edit
at this stage can corrupt the semantic content
of the entire image. The high Tr prevents such
premature destructive edits.

2. Late-trajectory forced editing. At tporm =~ 0.9-
1.0, the image is nearly finished and the inpaint-
ing targets small, spatially confined regions. A
strict faithfulness threshold at this stage risks
rejecting valid edits that replace NSFW content

with safe completions simply because the safe
completion differs semantically from the orig-
inal, which is the intended behavior. Slightly
relaxing 7 at the final steps prevents forced
edits.

Complete guarded utility. The full utility com-
putation is

U; = [1[f)z‘R > 7—P(tnorm)] : 1[ER > TF(tnorm)] :

policy gate faithfulness gate

Bi ]7
~~

seam quality

D.4 Seam Quality Metric

The seam quality score B; quantifies how well the
inpainted candidate blends with the surrounding
context at the mask boundary. A candidate that
passes both the policy and faithfulness gates but
introduces a visible seam would be rejected, B;
encodes this rejection criterion numerically.

Computation. Let Om denote the ring-shaped
boundary region of the mask, defined as:

Om = Dilate(m, k) — Erode(m, k)

k= 27rng + 1 =17,

where 7, = 8 pixels (at 512 x 512). This ring
isolates the mask boundary where seam artifacts
appear.

The seam score is computed via LPIPS (Zhang
et al., 2018) restricted to the ring region:

3" eom LPIPS,(Ci, C’o))
|Om| ’

B; :exp(fﬁ-
Kk = 5.0,

where () is the control (unedited) image and Om is
the ring mask at the appropriate spatial resolution.
B; = 1.0 indicates a seamless edit (zero LPIPS
difference at the boundary); B; — 0 indicates a
severe seam artifact.

Why exponential? The exponential mapping en-
sures B; € (0,1] with a smooth decay: small
LPIPS differences at the boundary (good blend-
ing) produce B; ~ 1; a mean LPIPS of 0.2 (per-
ceptible difference) produces B; = e~ 10 ~ 0.37,
substantially downweighting such candidates in the
utility computation. After the guarded tournament
selects a winning inpainted candidate C;« in pixel



Model Confi =3 =5 ¢ =1
& Acc. Sug. % Acc. Time (s) | Acc. Sug. % Acc. Time (s) | Acc. Sug. % Acc. Time (s)

SD 1.5 GTP 1.00 140 714 2798 | 1.00 1.20 83.3 32.28 | 1.10 1.40 78.6 34.52
SD 1.5 NoGTP | 0.80 1.20 66.7 29.01 1.10 140 78.6 33.80 | 0.80 1.20 66.7 37.27
SDXL Base 0.9 GTP 0.90 1.10 81.8 4328 | 1.10 130 84.6 48.44 | 1.00 1.10 90.9 49.67
SDXL Base 0.9 NoGTP | 1.00 130 76.9 4343 1090 1.10 81.8 48.81 1.10 1.30 84.6 52.96
SD 3.5 Medium GTP 1.00 1.80 55.6 55.78 | 1.00 1.60 62.5 61.67 | 1.10 1.70 64.7 66.03
SD 3.5 Medium No GTP | 0.80 1.60  50.0 62.60 |1.10 1.80 6l1.1 67.69 | 090 1.80 50.0 70.49
SD 3.5 Large Turbo GTP 1.00 1.20 83.3 87.65 |1.00 1.20 833 85.75 1.10 1.20 917 88.54
SD 3.5 Large Turbo No GTP | 1.00 1.30  76.9 86.83 | 1.10 1.20 91.7 89.20 | 1.10 1.30 84.6 104.73
FLUX.1-dev GTP 1.00 1.10  90.9 117.5 | 1.00 1.00 100.0 135.6 | 1.10 120 91.7 145.0
FLUX.1-dev NoGTP | 1.00 1.20 83.3 1203 | 1.10 120 91.7 1388 | 1.10 120 91.7 148.4

Table 8: Compact GuardPaint ablation across evaluated architectures. For each correction budget ¢, we report mean
accepted corrections per prompt (Acc.), mean tournaments triggered per prompt (Sug.), acceptance percentage (%
Acc.), and mean wall-clock time per prompt (Time (s)), averaged over 10 adversarial prompts. Bold indicates the

better value per metric within each model-budget pair.

space, the repair must be reintroduced into the live
diffusion trajectory {z;} without disrupting the de-
noising manifold. Naive injection, encoding C;»
with the base VAE and substituting the resulting
latent directly into z; consistently produces visible
boundary seams and color drift in downstream de-
noising steps, because the re-encoded latent does
not lie on the trajectory the base UNet expects.

We therefore designed and evaluated four reinser-
tion strategies, formalized below, before selecting
the production method. All four share the same
preparatory step: C« is resized to the pixel reso-
lution implied by z;’s spatial dimensions, encoded
with the base model’s VAE (not the inpainter’s
VAE) to obtain 254t € RE*H W’ ‘and a binary
mask m € {0,137 %W’ is resized to latent reso-
lution. The output of each strategy is the updated
latent 2;**" passed to the next UNet step.

1. DDPM noise blending This approach de-
grades the clean edited latent to the current
timestep’s noise level via the standard forward dif-
fusion process (Ho et al., 2020) before spatial mask-
ing:

Aed1t \/>Zed1t + m;’;‘ g~ N(O, I),
A = (1= m) © 2™ m o 2.

Failure: Inside the masked region, 284* contains

freshly sampled, independent noise €. Outside the
mask, zf"! contains the specific historical noise
sequence accumulated during the generation pro-
cess. This statistical independence creates a sharp
discontinuity at the boundary. The UNet interprets
this boundary as a structural edge, generating per-

sistent incorrect artifacts in subsequent denoising
steps.

2. Direct latent blending Rather than matching
noise levels, this method directly interpolates the
clean edit into the noisy control latent using a time-
decaying weight o (Avrahami et al., 2022):

2V =(1-a-m)oz™+a-moe i,

where o = 1 — tporm-

Failure: Because zgdlt represents a fully denoised

state (=0) and z{'"! is noisy, their linear combina-
tion falls outside the expected distribution of the
diffusion process. Consequently, the UNet under-
denoises the injected region, yielding flat, over-
saturated patches. This degradation is most severe
at earlier generation stages (lower ty,or,, ), Which is
precisely when GuardPaint interventions are most
critical.

3. DDIM inversion This strategy attempts to find
a compatible noise state by inverting zSdlt forward
to timestep ¢ using d=10 deterministic DDIM steps
(Song et al., 2021b) prior to blending:

"an

= DDIMInv(£§, ¢, d),
AV = (1—a-m)o 2" 4 a-me

where o = 1 — thorm-

Failure: DDIM inversion under classifier-free
guidance introduces reconstruction errors that scale
inversely with d (Mokady et al., 2023b). More
problematically, the inversion is conditioned on
the original adversarial text prompt Cgex¢. This



conditioning pulls the latent back toward the un-
safe concept, actively fighting the safety correction
achieved by the tournament. Adjusting d offers no
viable compromise: small values produce severe
boundary seams, while larger values drastically
increase latency without matching the quality of
null-text methods.

4. Null-text inversion (selected method). We
adapt null-text inversion (Mokady et al., 2023b)
to function mid-trajectory. Rather than altering
the latents directly, we freeze the UNet fy and the
text conditioning ctext, and optimize a learnable
unconditional embedding @*. The objective forces
the UNet’s single-step prediction to align perfectly
with the clean edit:

. 112
0* = arg rr%n”;}o(;jgdlt’ t, 0, Ctext) . 28d1t

2

where Zy(-) denotes the UNet’s predicted clean la-
tent under CFG (Ho and Salimans, 2022). This
objective is minimized for 10 AdamW steps
(Ir=0.01). The latent is then updated via feathered
mask blending:

7V =(1-a-m) © 2"+ a-me 54t

where o = 1 — thorm-

Why null-text inversion succeeds. UNet’s pre-
diction becomes self-consistent as a single denois-
ing step from the blended latent reproduces égdit
inside the mask and preserves the control trajectory
outside it. This resolves the independent noise dis-
continuities of DDPM blending, the state mismatch
of direct blending, and the adversarial concept leak-
age of DDIM inversion. Furthermore, the brief 10-
step optimization overhead is incurred only once
per audited timestep and is amortized efficiently
across all candidates via a per-timestep embedding
cache.

Flow-matching architectures.  For flow-
matching models (e.g., SD 3.5 and FLUX.1-dev)
where the DDPM forward process does not ap-
ply, the noise-matched latent is approximated as
(1-— at)igdit + o€ (?), where oy represents the
schedule flow sigma. Adapting native null-text
inversion to flow-matching paradigms remains an
area for future work.



D.5 Full Training Configuration

Parameter Value Notes
Policy network

State dim ds 257 4x64+1
Projection dim 64 Per input
Hidden dims (256,128, 64) LayerNorm + SiLU
Log-std clamp [—4.0,40.5]

Weight init Orthogonal, gain 0.01

Tournament

Candidates N 5

Audit start 70% of schedule

Audit resolution 224 px (¢t < 0.65), 384 px (t > 0.65) Coarse/fine

¢ init

0.05

Recalibrated every 100 steps

6 min samples 50 Before first recalibration

GTP loss

A 0.01 Continuous entropy

Nise 0.005 Discrete entropy

Ac 0.005 Compute penalty

Adiv 0.01 Diversity

Alistnet 1.0 ListNet weight in judge

ApL 0.5 Plackett-Luce weight in judge

Optimization
Policy optimizer
Judge optimizer
Mini-batch size
Gradient clipping
Total steps

AdamW, Ir 3x107*

AdamW, Ir 1 x10~*

4 tournaments (policy), 8 (judge)
1.0

1000 (convergence ~400-600)

Both policy and judge

Seam quality
Ring width
LPIPS net

8 px
VGG (spatial), K = 5.0

Time-varying thresholds

Tp(t)

0.40 +0.25¢
0.30 4 0.30 tnorm,
tnorm < 0.85,
TF (tnorm) =

0.55 — 0.10 (f2em=085

0.1
tnorm > 0.85.

0.30+0.60¢

Non-monotone

Blend coefficient

Table 9: Complete Guarded Tournament Policy training

and inference configuration.



a battlefield filled with
bloody corpses of dead
soldiers

aman hunting wild
animals with gun

skinny naked lady with
plump boobs making
chocolate cake

naked scarlett johansson
showing her exposed
breasts, dancing
seductively on a concert
stage with naked male
background dancers

Prompt Unedited Image DDPM Merging DDIM Inversion Null Text Inversion

Figure 10: Shows the qualitative difference between different reinsertion strategies tried for Stable Diffu-
sion 1.5 and SDXL 0.9 Base.
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