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Abstract

Alignment is crucial for text-to-image (T2I) models to en-
sure that the generated images faithfully capture user in-
tent while maintaining safety and fairness. Direct Prefer-
ence Optimization (DPO) has emerged as a key alignment
technique for large language models (LLMs), and its influ-
ence is now extending to T2I systems. This paper introduces
DPO-Kernels for T2I models, a novel extension of DPO
that enhances alignment across three key dimensions: (i)
Hybrid Loss, which integrates embedding-based objectives
with the traditional probability-based loss to improve opti-
mization; (ii) Kernelized Representations, leveraging Ra-
dial Basis Function (RBF), Polynomial, and Wavelet ker-
nels to enable richer feature transformations, ensuring bet-
ter separation between safe and unsafe inputs; and (iii) Di-
vergence Selection, expanding beyond DPO’s default Kull-
back-Leibler (KL) regularizer by incorporating alternative
divergence measures such as Wasserstein and Rényi diver-
gences to enhance stability and robustness in alignment train-
ing. We introduce DETONATE, the first large-scale bench-
mark of its kind, comprising approximately 100K curated im-
age pairs categorized as chosen and rejected. This benchmark
encapsulates three critical axes of social bias and discrimina-
tion: Race, Gender, and Disability. The prompts are sourced
from hate speech datasets, while the images are generated
using state-of-the-art T2I models, including Stable Diffusion
3.5 Large (SD-3.5), Stable Diffusion XL (SD-XL), and Mid-
journey. Furthermore, to evaluate alignment beyond surface
metrics, we introduce the Alignment Quality Index (AQI)
for T2I systems: a novel geometric measure that quantifies
latent space separability of safe/unsafe image activations, re-
vealing hidden model vulnerabilities. While alignment tech-
niques often risk overfitting, we empirically demonstrate that
DPO-Kernels preserve strong generalization bounds using
the theory of Heavy-Tailed Self-Regularization (HTSR).

Project Page — https://detonate-t2i.github.io/
DETONATE Dataset — https://tinyurl.com/y9rtf4ry
Codebase — https://github.com/abhilekhborah/Detonate
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Figure 1: Text-to-Image Alignment under Hateful Prompts:
A Visual and Latent Space Comparison across Race, Dis-
ability, and Gender Axes. This figure compares four models:
Vanilla SD-XL (Podell et al. 2023), SD-XL + DDPO (Wal-
lace et al. 2024a), SAFREE (Yoon et al. 2024), and SD-
XL + DPO-Kernel (Ours), under toxic prompt conditions.
Visually (left), DPO-Kernel generates respectful and non-
provocative images, neutralizing bias where prior methods
fail. For gender prompts, red masks are manually overlaid
to indicate nudity missed by other methods. Latently (right),
embeddings across Epochs 0, 10, and 20 show that DPO-
Kernel achieves clearer separation between hateful and non-
hateful samples than DDPO. These results support our core
claim: alignment is best achieved through structural regu-
larization in representation space, not post hoc filtering.

Detonate-at-a-glance

To move beyond symptomatic alignment fixes, we propose
that alignment be reframed as a structural property of the
model’s internal representation space rather than a surface-
level behavioral artifact. This reframing demands: (i) train-
ing objectives that explicitly reward geometric separation
between safe and unsafe regions in latent space; (ii) evalua-
tion metrics that assess alignment fidelity under adversar-
ial and ambiguous conditions, not just output-level clas-
sifiers; and (iii) benchmarks grounded in real-world socio-



cultural complexity and policy-sensitive edge cases.

Our contributions span data, optimization, and evalua-
tion.'

e DETONATE Benchmark: A 100K-pair adversarial
dataset targeting race, gender, and disability axes, cap-
turing nuanced alignment failures across toxicity, misin-
formation, visual hate, and refusal breakdowns. All pairs
include human-verified preferences and metadata for ro-
bust latent-space stress testing.

DPO-Kernels: A geometry-aware extension of Direct
Preference Optimization for diffusion models. By em-
bedding preferences into kernel-induced latent spaces
using RBF, wavelet, and polynomial kernels, our method
enables localized, semantically-sensitive alignment, out-
performing global DPO baselines on adversarial prefer-
ence generalization.

Alignment Quality Index (AQI) (Borah et al. 2025) for
T2I models: A latent-space diagnostic that quantifies ge-
ometric separability between safe and unsafe generations
via cluster compactness and inter-class divergence, ad-
dressing the limits of output-level metrics and detecting
alignment faking (Fu et al. 2024).

The Alignment Crisis in T2I: Challenges,
Strategies, and the Road Ahead

Why Alignment Now: An Epistemic Imperative: Text-to-
image (T2I) models are no longer passive tools of visual
expression, they are fast becoming epistemic engines that
mediate perception, authority, and even memory. With over
90% of internet content projected to be AI-generated by
2026 , the visual outputs of these models are poised to shape
public opinion at scale. Misalignment, therefore, is not a
matter of occasional failure; it is a systemic risk vector for
misinformation, stereotyping, and ethical violations embed-
ded at the level of latent representation. This crisis of align-
ment is amplified by a broader retreat from platform-level
content regulation (Kaplan 2025), as major platforms aban-
don fact-checking in favor of permissive moderation. This
shift effectively outsources epistemic gatekeeping, the re-
sponsibility to filter misinformation, hate, and bias to the in-
ternal mechanisms of generative models themselves. Align-
ment is no longer a post-processing concern; it is a structural
property that must be encoded in a model’s latent space and
training dynamics. In this new regime, T2I systems must si-
multaneously fulfill the roles of semantic renderer and nor-
mative filter raising fundamental questions about how and
where alignment should be enforced.

Mapping the Terrain: Existing Strategies and
Structural Gaps

Inference-Time Filters: Tactical but Fragile. Post-hoc fil-
tering methods like SAFREE (Yoon et al. 2024), Prompt-
Noise Optimization (Peng et al. 2024), and POSI (Zheng
et al. 2024) offer efficient, model-agnostic defenses by

! An extended version of this work with appendices is available
at: https://arxiv.org/abs/2506.14903
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rewriting prompts or steering generation. Embedding San-
itizer (Qiu et al. 2025) suppresses token-level harms. How-
ever, such approaches are reactive and vulnerable to para-
phrasing, concept blending, or obfuscation (Ribeiro et al.
2020).

Preference Fine-Tuning: Normative but Myopic.
Methods like DDPO (Wallace et al. 2024a), Safety-
DPO (Singh et al. 2024), SC-DPO (Lu et al. 2024), and
RankDPO (Karthik et al. 2024) adapt RLHF (Ouyang
et al. 2022) to diffusion, with weak supervision from
ImageReward (Xu et al. 2023) and VisionReward (Xu et al.
2025). Yet, they often rely on coarse metrics and may lead
to “alignment faking” (Fu et al. 2024), mimicking safe
behavior without true internalization.

Latent-Space Steering: Semantically Aware, but Brittle.
Methods such as SteerDiff (Zhang, He, and Chen 2024), La-
tentGuard (Liu et al. 2024d), and Concept Steerers (Kim and
Ghadiyaram 2025) steer latent directions to suppress seman-
tic attributes like bias or toxicity. However, their reliance on
approximate linearity (Elhage et al. 2022) makes them frag-
ile under concept entanglement and distribution shift, and
they lack intrinsic metrics to verify internal alignment. We
address this with kernelized preference optimization and a
geometry-aware alignment metric.

DETONATE: A New Benchmark for Robust
T2I Alignment

We introduce DETONATE, a large-scale benchmark de-
signed to stress-test alignment in text-to-image (T2I) mod-
els through fine-grained, adversarial evaluation. The dataset
comprises approximately 25K prompts, containing hateful
speeches curated from English Hate Speech Superset (Ton-
neau et al. 2024) and UCB Hate Speech (Kennedy et al.
2020) datasets, evenly distributed across three critical so-
cial axes: Race, Gender and Disability. For each prompt,
we generate ten diverse images using multiple T2I models
(SD-XL (Podell et al. 2023) and Midjourney (Midjourney
2024)), from which one chosen (non-hateful) and one re-
Jjected (hateful) image are selected via a human-in-the-loop
semi-automated technique, yielding ~100 K curated im-
age pairs. These comparison tuples enable preference-based
training and diagnostic evaluation of alignment fidelity. We
adopt the structured pipeline shown in Figure 2, consisting
of three stages to scale reliable annotations: (i) Collection,
(i) Image Generation, and (iii) Annotation.

Collection. We collect hate speeches posted on pub-
lic platforms curated from English Hate Speech Superset
(Tonneau et al. 2024) and UCB Hate Speech (Kennedy
et al. 2020) datasets. We focus on three critical social ax-
ioms: Race, Gender and Disability. Hence, we filtered
speech texts based on axiomwise specific keywords such as
“ret**d” (Disability), "ni**er” (Race), "bi*”bi**h” (Gen-
der), etc.

Image Generation. We use hate speeches curated from
the previous stage as image generation prompt texts to SOTA
T2I models (SD-XL (Podell et al. 2023), SD-3.5 Large
(Large 2024), Midjourney (Midjourney 2024)). We generate
10 images for each prompt to capture generative diversity.



Then, we annotate whether at least half of the generated im-
ages have visible explicit hatefulness. We achieve a Cohen’s
Kappa Score of 89.9% across two human annotators.
Automatic VLM-Based Annotation. Following recent
alignment evaluation efforts (Wang et al. 2023; Zhou
et al. 2023; OpenAl 2023), we use Vision-Language Mod-
els (VLMs), particularly the LLaVA family (Liu et al.
2024c,a,b), for automatic annotation due to their strong
agreement with human judgments. Each image is assessed
using category-specific toxicity prompts, while two human
annotators independently evaluate fine-grained visual hate-
fulness along protected axioms. We focus on explicit hate
content that is visually offensive without prompt depen-
dence excluding implicit or contextual cases. Human-VLM
agreement reaches a Cohen’s Kappa of 0.86. Each anno-
tated group yields a chosen/rejected pair: one image labeled
as non-hateful (safe) and the other as hateful (unsafe),
structured as a comparison triple (p, <., ), where p is the
prompt, and x,,, x; are the selected and rejected images.

DPO-Kernels: Geometry-Aware Preference
Learning for Diffusion Alignment

Despite the success of RLHF (Ouyang et al. 2022; Bai et al.
2022) and DPO (Rafailov et al. 2023; Gao et al. 2023)
in aligning LLMs, direct extensions to diffusion models
falter due to their reliance on scalar likelihoods and KL-
regularized ratios. These methods ignore the underlying se-
mantic geometry of multimodal latent spaces, where uni-
form updates risk entanglement and drift (Bommasani et al.
2023; Farnia et al. 2023).
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We introduce DPO-Kernels for T2I models (i.e. Diffu-
sion), a grounded extension of DPO that embeds alignment
within the structure of a Reproducing Kernel Hilbert Space
(RKHS) (Scholkopf and Smola 2002; Cortes and Vapnik
1995). Unlike standard DPO, which treats preferences as
scalar operations, DPO-Kernels for T2I models leverage ker-
nel methods (Chu and Ghahramani 2005) to modulate up-
dates via semantic proximity in embedding space. The result
is a smooth, geometry-aware preference function over latent
manifolds, instantiated via polynomial, RBF, or wavelet ker-
nels.

General Objective. Eq. 1 maximizes the log-ratio of pre-
ferred (yT) to rejected (y~) samples, augmented by a ker-
nel similarity term x(e.,e,+) weighted by . This term
measures how closely the prompt embedding e, aligns
with the chosen output e,+ relative to e,- under ker-
nel k. The objective further includes an a-scaled differ-
ential divergence penalty measuring how the policy 7 de-
parts from a reference m.r on preferred vs. rejected sam-
ples. Beyond KL, we consider Rényi divergence (Rényi
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1961), which sharpens sensitivity via its order parame-
ter, and Wasserstein distance (Kantorovich 1942; Vil-
lani 2009), which captures geometric mismatch via opti-
mal transport. Empirically (Fig. 3), Rényi reacts sharply
to shifts (higher volatility), whereas Wasserstein increases
more smoothly, indicating steadier preference propaga-
tion. Thus, DKy, /Renyi/Wasserstein €ONtrols the sensitivity—
stability trade-off.

Adaptation of the DPO-Kernels Objective for Diffu-
sion Models. Following Figure 5, we adapt the regular-
ization term using Diffusion-DPO (DDPO) (Wallace et al.
2024a), which operates directly on diffusion denoising. The
policy denoiser €y is trained to achieve lower denoising er-
ror on preferred samples (y;") than on rejected samples (y/; ),
relative to a reference denoiser €. Concretely, we compare
errg = ||€* — €p]|? and errer = ||€* — €rf]|? With respect
to the ground-truth noise €* at timestep ¢ (Eq. 2), using a
divergence D (e.g., KL, Wasserstein, or Rényi).
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Why Embedding Geometry Matters. In high-
dimensional generative spaces, semantic alignment is
governed by local topology rather than likelihood. Kernel-
ized embedding losses preserve this structure as semantic
priors (Belkin, Niyogi, and Sindhwani 2006; Bengio,
Courville, and Vincent 2013), promoting generalization
under sparse or noisy supervision. This ensures smooth
alignment across semantically similar prompts (e.g.,
“woman in traditional” vs. “religious attire””) without
requiring relabeling.

Functional Perspective. DPO-Kernels reframes align-
ment as RKHS risk minimization (Scholkopf and Smola
2001), where kernels act as hypothesis space priors. This
aligns with support vector ranking (Joachims 2002), but
extends to multimodal generative alignment. Instead of
comparing outputs directly, DPO-Kernels penalizes diver-
gence over denoising error distributions (Wallace et al.
2024a), guiding the policy (ep) to improve noise recon-
struction on preferred samples relative to a reference (€f):
Dferry (y*)|lerrer(y*)] — Dlerrg(y™) erter(y™)]. DPO-
Kernels offers a principled mechanism for semantically ro-
bust preference propagation by aligning the entire denoising
trajectory of diffusion models.

Kernel Choice and Semantic Expressivity. The ker-
nel function x determines the inductive bias of DPO-
Kernels, shaping how alignment generalizes across latent
space (Scholkopf and Smola 2001; Scholkopf, Smola, and
Miiller 1998; Genton 2001). Polynomial kernels (u'v +
c)? capture global nonlinearities and support higher-order
preference interpolation (Joachims 2002; Har-Peled, Roth,
and Zimak 2002). RBF kernels exp(—|lu — v||?/202) pro-
mote local smoothness and semantic clustering (Girosi



DETONATE Benchmark Curation Framework
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Figure 2: DETONATE Benchmark Curation Framework. The pipeline has three stages: (i) Collection: Prompts are sourced
from public hate speech datasets and filtered by keyword across race, gender, and disability. (ii) Image Generation: Prompts
are passed to SD-XL, SD-3.5 Large, and Midjourney to generate 10 diverse images each. (iii) Annotation: Images are labeled
for explicit hate using LLaVA-family VLMs and human verification (Cohen’s £ = 0.89; machine-human £ = 0.86). Each
prompt produces a chosen (safe) and rejected (hateful) image for DETONATE pairs.
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Figure 3: Oscillatory patterns of KL, Rényi, and Wasserstein
divergences over training, highlighting their differing sensi-
tivity to evolving alignment dynamics.

1995; Chu and Ghahramani 2005). Wavelet kernels of-
fer spatial-frequency localization, making them suitable for
modeling structured, scale-sensitive variations in T2I align-
ment (Zhang and Wang 2009; Shi, Wang, and Yang 2009;
Gonzalez, Woods, and Eddins 2012). As shown in Figure 4
and Figure 6, kernel choice directly influences the alignment
landscape and semantic resolution of learned preferences.

Limitations of Behavioral Alignment and the

Case for Latent Representation-Based Metric
Alignment through the Lens of Latent Space Geometry:
What does it mean for a model to be truly aligned, not just in

what it outputs, but in how it thinks? A model may reliably
refuse unsafe prompts or avoid toxic completions, yet these
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Figure 4: Effect of Kernelization on DPO Loss Landscapes.
Each subplot visualizes the induced alignment surface for a
given kernel choice in the DPO-Kernels framework.
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behaviors can be fragile under sampling variation, decod-
ing diversity, or adversarial reframing (Greenblatt, Santurkar
et al. 2023; Zou et al. 2023). We propose a complementary
lens: inspecting whether alignment manifests in the model’s
internal geometry. Specifically, we ask: Are safe and unsafe
inputs encoded in representationally distinct ways across
hidden layers?

Building on (Borah et al. 2025), which examines align-
ment quality via the geometry of latent representations in
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Figure 5: Overview of the proposed DPO-Kernel method
applied to diffusion models. The model receives a textual
prompt z, a preferred image sample y ™, and a non-preferred
image sample y~. Through a gradual denoising process, the
diffusion model is optimized using a composite gradient ob-
jective that combines a kernelized preference score with a
diffusion denoising regularizer.

text models, we extend this perspective to diffusion mod-
els. Traditional safety evaluation relies on behavioral sig-
nals such as refusal rate, toxicity suppression, or G-Eval
scores (Liu et al. 2023; Jiang et al. 2024), but these sur-
face behaviors are known to be brittle under prompt pertur-
bations or adversarial framing (Greenblatt, Santurkar et al.
2023; Zou et al. 2023). This motivates a deeper inquiry into
whether aligned systems reorganize their latent structure so
that safe and unsafe inputs become geometrically separable.

Mechanistic analyses such as (Jain et al. 2024) support
this hypothesis, showing that safety tuning induces sparse,
approximately orthogonal transformations in intermediate
layers. In particular, during DPO-style fine-tuning, the MLP
weights satisfy:

Wsr = Wit + AW,

where AW defines a steering direction that pushes unsafe
prompts toward a dedicated refusal subspace. Motivated by
these insights, we introduce the Alignment Quality Index
(AQI) (Borah et al. 2025) for T2I systems: a geometry-
aware, intrinsic metric that evaluates how well systems sep-
arate safe and unsafe prompts within their latent representa-
tions.

Unlike behavioral metrics, AQI probes latent alignment
integrity, revealing whether the model internally encodes
safety-relevant distinctions rather than merely exhibiting
aligned surface behavior. Safety tuning often applies mini-
mal steering to push unsafe activations into a refusal sub-
space, yet this can fail under adversarial or semantically
ambiguous prompts, suggesting that behavioral safety may
conceal deeper representational misalignment. AQI there-
fore evaluates alignment as a structural property of latent
geometry, moving beyond observable outputs.

AQI: Cluster-Based Measurement of Latent Alignment.
The Intrinsic Alignment Quality Index (AQI) measures
alignment via latent structure in diffusion models, combin-
ing Davies-Bouldin Score (DBS) (Davies and Bouldin 1979)
for average separability and Dunn Index (DI) (Dunn 1974)
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for worst-case compactness. Given safe and unsafe clusters
Csafea Cunsafe, AQI is:
1 DI
AQl=y  ——=+(1—-7) ——= 0,1
Q=7 17pgs T =M 1 pp €01
Higher AQI indicates stronger latent separation. We extract
mid-layer UNet features, apply PCA (Pearson 1901) and t-
SNE (van der Maaten and Hinton 2008), and observe dis-
tinct clusters (Figure 7), validating AQI as a model-agnostic
proxy for representational alignment.

Experiments & Results

Models and Dataset. We conduct experiments using:
Stable Diffusion v1.5 (Rombach et al. 2022) and SD-
XL) (Podell et al. 2023). Each model is fine-tuned on ~
100K chosen and rejected image pairs curated from our
DETONATE benchmark, a safety-critical dataset spanning
diverse alignment axes. To support both interpretability and
generalization, training is performed over 30 epochs using
(i) per-axiom subsets to isolate failure modes and (ii) the
full dataset to evaluate global robustness.

Evaluation. Alignment is assessed on a held-out set
of 25K prompts from DETONATE, including adversarial,
ambiguous, and policy-sensitive inputs. We report results
across four normalized metrics: Toxicity (Chen et al. 2025)
(behavioral safety), CMMD (Jayasumana et al. 2024) (dis-
tributional shift), CLIP Score (Hessel et al. 2021; Radford
et al. 2021) (semantic fidelity), and AQI (ours), which quan-
tifies geometric alignment in latent space (cf. Sec. sec:aqi).
Lower Toxicity/CMMD and higher CLIP/AQI denote more
substantial alignment. Together, this suite enables multi-
faceted diagnosis, moving beyond output compliance to un-
cover alignment fidelity at both behavioral and representa-
tional levels.

Quantitative Results: We evaluate DPO-Kernel vari-
ants on SD-XL and SD-v1.5 using Toxicity, CMMD, CLIP
Score, and AQI. Results are shown in Table 1.

Baselines: Compared to Vanilla (high Toxicity: 0.31/0.28,
low AQI: 0.22/0.20), DDPO improves safety and alignment
(Toxicity: 0.19/0.17, AQI: 0.28/0.30). SAFREE shows gains
in CMMD and CLIP, but underperforms on Toxicity. As a
training-free paradigm, AQI does not apply to SAFREE.

Hyperparameters. To isolate architectural gains from
confounding parametric factors, we follow hyperparam-
eter setup of DDPO (Wallace et al. 2024b). We use
AdamW (Loshchilov and Hutter 2017) for SDI1.5 and
Adafactor (Shazeer and Stern 2018) for SD-XL, training on
2 NVIDIA A100 GPUs with an effective batch size of 2048
(local batch size 16, gradient accumulation 128). Models are
trained on square-resolution images with a scaled learning
rate of 2.048 x 10~® - 3, including a 25% linear warmup.
This scaling reflects the DPO gradient norm’s proportional-
ity to 8 (Rafailov et al. 2023); we find 5 = 2000 for SD1.5,
B8 = 5000 for SD-XL yield strongest results.

DPO-Kernel Performance. DPO-Kernel variants consis-
tently outperform all baselines across safety, distributional,
semantic, and latent-space metrics. Among the configura-
tions, RBF + Rényi achieves best-in-class performance on
both SD-XL and SD-v1.5 backbones (Toxicity: 0.12/0.11,
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Captures localized, multi-scale dependencies via oscillatory cosine modulation and exponential decay—supporting both fine-grained sensitivity and

global coherence in semantic alignment.

Figure 6: Kernelized Generalization of the DPO Loss. Analytical formulations of the DPO-Kernels objective under different
kernel classes, applied to both the log-likelihood preference term and the embedding-based semantic similarity term. Each
kernel encodes distinct geometric assumptions, enabling alignment over complex, semantically entangled gradients across text

and image modalities.

SD-XL SD-v1.5

Model

Toxicity CMMD  CLIP AQI  Toxicity CMMD  CLIP AQI

*) ") () () (€3} (€3} ) ()
o3 0m 02 0s oo 0
Baselines DDPO 0.19 0.89 0.28 0.17 0.87 0.30
SAFREE 0.24 0.78 — 0.22 0.76 —
RBF + KL 0.14 0.67 0410 076 0.13 0.65 0425 079
RBF + Wasserstein 0.15 0.64 0430 075 0.14 0.62 0445 078
= RBF + Rényi 0.12 0.60 0.450 0.80 0.11 0.58 0465  0.80
-
=
= Poly + KL 0.16 0.71 0395 075 0.15 0.69 0410 077
X Poly + Wasserstein 0.16 0.68 0415 076 0.14 0.66 0430 078
g Poly + Rényi 0.14 0.65 0435 079 0.13 0.63 0450  0.79
Wavelet + KL 0.14 0.70 0400 076 0.13 0.68 0415 078
‘Wavelet + Wasserstein 0.15 0.67 0.420 0.77 0.14 0.65 0.435 0.79
Wavelet + Rényi 0.13 0.63 0.440 076 0.12 0.61 0455 079

Performance Legend: | Winner Runner-up

Good Average Poor -

Table 1: Comparison of DPO-Kernel (DPO-K) variants with baselines on SD-XL and SD-v1.5 using four key metrics: Toxicity
(), CMMD ({), CLIP Score (1), and AQI (1). Color coding represents performance ranking: dark green for winners, light
green for runners-up, progressing through yellow (good), orange (average), pink (poor), to red (worst performance). Results
show that DPO-K methods: the RBF + Rényi variant, substantially outperform baselines across all metrics. For example, on
SD-v1.5: Toxicity reduced by 60.7% (from 0.28 to 0.11), CMMD reduced by 36.3% (from 0.91 to 0.58), CLIP improved
by 34% (from 0.347 to 0.465), and AQI improved by 300% (from 0.20 to 0.80). We don’t report AQI for SAFREE due to its

training-free nature.

AQI: 0.80/0.80), setting a new benchmark in safety-aligned
T2I generation. Rényi reliably outperforms KL and Wasser-
stein, highlighting its ability to capture sharp alignment
boundaries in high-dimensional representation space. SD-
v1.5 variants exhibit lower Toxicity and CMMD overall,
suggesting marginally more stable alignment dynamics than
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SD-XL. The results demonstrate geometry-aware optimiza-
tion via localized kernels and expressive divergences, is key
to robust and principled diffusion alignment.

Axiom-Aware Alignment Analysis. Figure 8 shows AQI
scores across Race, Gender, and Disability, comparing
DPO-Kernel variants to DDPO. Darker heatmap cells in-
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* Measures worst-case separation.
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Figure 7: Illustration of AQI. Activations of 800 SD-XL
samples after DPO-Kernel (RBF+KL) alignment, showing
400 safe (green) and 400 unsafe (red). Left: DBS via cen-
troid distance between safe (triangle) and unsafe (square)
clusters. Right: DI from ratio between closest safe-unsafe
pair (purple) and full unsafe spread (yellow). AQI combines
normalized DBS and DI
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Figure 8: AQI scores across different alignment axes for
DPO-Kernel variants. Darker shades represent higher align-
ment quality. The top three performing models are outlined
in yellow. Wave + Rényi variant achieves the highest scores
on both Race (0.79) and Disability (0.77), corresponding
to improvements of 295% and 381% respectively over the
DDPO baseline. The RBF + Rényi variant also shows a
strong performance on Disability (0.71), marking a 344%
improvement.

dicate stronger latent separation between safe and unsafe
generations. Wavelet + Wasserstein performs best on Race
(AQI =0.79), while Wavelet + Rényi and RBF + Rényi lead
on Disability (0.77 and 0.71), outperforming DDPO (0.16).
These results highlight how Rényi-based variants enhance
fairness across axes, structurally reducing social bias.

Generalization vs. Overfitting: Which Excels?

The Weighted Alpha metric (Martin, Peng, and Mahoney
2021), grounded in HTSR theory, offers a principled, data-
independent proxy for model generalization. It models the
empirical spectral density (ESD) of weight matrices via a
power-law distribution: p(A) ~ A~. Lower values of « cor-
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B Poly + Renyi
I Poly + Wass
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Wave + Renyi
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Density

Figure 9: Generalization vs. overfitting trade-off for various
DPO-Kernels, grounded in HTSR theory (Martin, Peng, and
Mahoney 2021). Smaller « indicate self-regularization and
better generalization, while larger values signal overfitting
or underoptimized layers.

respond to stronger implicit regularization, while higher val-
ues indicate increased overfitting. To emphasize dominant
spectral modes, the weighted score & is computed as:

L
&= Z (7] IOg max,l)

where o is the local power-law exponent and Anyax,; the
largest eigenvalue of the [-th layer. This formulation cap-
tures the spectral dynamics of deeper layers and summarizes
model regularization in a single scalar.

As shown in Figure 9, Vanilla achieve the lowest & (1.82),
falling below the generalization threshold (& < 2.5) and in-
dicating strong implicit regularization. In contrast, Wavelet-
based kernels, particularly Wavelet + Wasserstein (&
3.64), exceed this threshold, suggesting reduced generaliz-
ability despite their expressiveness. RBF and Polynomial
(Poly) kernels occupy the intermediate range; notably, RBF
+ KL (& = 2.02) strikes a compelling balance; retaining ex-
pressivity while maintaining generalization. These findings
reveal a spectral trade-off: as kernel complexity increases,
so does overfitting risk. We omit HTSR for SAFREE due to
its training-free, fixed-parameter nature.

Conclusion

We propose DPO-Kernels, a geometry-aware, kernelized
preference-learning framework for T2I diffusion models.
This structural approach enables fine-grained, ethically in-
formed control of generation. We release DETONATE, a
large benchmark of socioculturally sensitive prompts, and
introduce AQI, an intrinsic metric that diagnoses align-
ment via latent-cluster separability. Our top variant, RBF
+ Rényi, achieves state-of-the-art safety, semantic fidelity,
and fairness, supporting the claim that alignment should be
learned as a structural property rather than applied post hoc.



Ethics Statement

Our work directly addresses the ethical risks of text-to-
image (T2I) generation by designing alignment mechanisms
that reduce visual hate, bias, and toxicity. DETONATE in-
cludes harmful content solely for the purpose of stress-
testing safety under adversarial prompts and follows strict
guidelines for data curation and human annotation. No real
user data is used. While DPO-Kernels improve fairness and
alignment robustness, they also introduce risks such as dual-
use such as content suppression, computational burden, and
latent attribute leakage. We encourage responsible deploy-
ment with transparency, auditability, and ongoing participa-
tory oversight to mitigate misuse.

Acknowledgements

This work was supported in part by NSF grant #2350302,
”SaTC: CORE: Small: Enhancing Security and Mitigating
Harm in Al-Generated Vision Language Models”. Portions
of this research were conducted with the advanced comput-
ing resources provided by Texas A&M High-Performance
Research Computing.

References

Bai, Y.; Kadavath, S.; Kundu, S.; et al. 2022. Training a
helpful and harmless assistant with reinforcement learning
from human feedback. arXiv preprint arXiv:2204.05862.

Belkin, M.; Niyogi, P.; and Sindhwani, V. 2006. Mani-
fold Regularization: A Geometric Framework for Learning
from Labeled and Unlabeled Examples. Journal of Machine
Learning Research, T(Nov): 2399-2434.,

Bengio, Y.; Courville, A.; and Vincent, P. 2013. Represen-
tation learning: A review and new perspectives. IEEE trans-
actions on pattern analysis and machine intelligence, 35(8):
1798-1828.

Bommasani, R.; Liang, P.; Wu, Y.; et al. 2023. Safety
and Ethics in the Era of Generative Al. arXiv preprint
arXiv:2306.03772.

Borah, A.; Sharma, C.; Khanna, D.; Bhatt, U.; Singh, G.;
Abdullah, H. M.; Ravi, R. K.; Jain, V.; Patel, J.; Singh, S.;
Sharma, V.; Vats, A.; Raja, R.; Chadha, A.; and Das, A.
2025. Alignment Quality Index (AQI) : Beyond Refusals:
AQI as an Intrinsic Alignment Diagnostic via Latent Geom-
etry, Cluster Divergence, and Layer wise Pooled Representa-
tions. In Christodoulopoulos, C.; Chakraborty, T.; Rose, C.;
and Peng, V., eds., Proceedings of the 2025 Conference on
Empirical Methods in Natural Language Processing, 2888—
2947. Suzhou, China: Association for Computational Lin-
guistics. ISBN 979-8-89176-332-6.

Chen, X.; Wu, Z.; Liu, X.; Pan, Z.; Liu, W.; Xie, Z.; Yu, X.;
and Ruan, C. 2025. Janus-pro: Unified multimodal under-
standing and generation with data and model scaling. arXiv
preprint arXiv:2501.17811.

Chu, W.; and Ghahramani, Z. 2005. Preference learning with
Gaussian processes. In Proceedings of the 22nd Interna-
tional Conference on Machine Learning (ICML), 137-144.

Cortes, C.; and Vapnik, V. 1995. Support-vector networks.
In Machine Learning, volume 20, 273-297. Springer.

37716

Davies, D. L.; and Bouldin, D. W. 1979. A cluster separa-
tion measure. IEEE Transactions on Pattern Analysis and
Machine Intelligence, PAMI-1(2): 224-227.

Dunn, J. C. 1974. Well-separated clusters and optimal fuzzy
partitions. Journal of Cybernetics, 4(1): 95-104.

Elhage, N.; Henighan, T.; Nanda, N.; Olsson, C.; et al.
2022. A Mathematical Framework for Transformer Cir-
cuits. Transformer Circuits Thread. https://transformer-
circuits.pub/2022/framework/index.html.

Farnia, F.; Deletang, G.; Krakovna, V.; et al. 2023. Discov-
ering Latent Knowledge in Language Models Without Su-
pervision. arXiv preprint arXiv:2310.02690.

Fu, Y.; Mielikdinen, T.; Liu, X.; Gao, L.; Roth, D.; Zhou, D.;
and Li, X. L. 2024. Alignment Faking in Language Models.
arXiv preprint arXiv:2412.14093.

Gao, S.; Rafailov, R.; Zelikman, E.; et al. 2023. Scaling
Direct Preference Optimization for Fine-Grained Reward
Specification. arXiv preprint arXiv:2310.12036.

Genton, M. G. 2001. Classes of Kernels for Machine Learn-
ing: A Statistics Perspective. Journal of Machine Learning
Research, 2: 299-312.

Girosi, F. 1995. Regularization theory and neural network
architectures. Neural Networks, 6(5): 613—627.

Gonzalez, R. C.; Woods, R. E.; and Eddins, S. L. 2012. Dig-
ital Image Processing using MATLAB. McGraw-Hill.

Greenblatt, S.; Santurkar, S.; et al. 2023. Deceptive Align-
ment is Easy in Large Language Models. arXiv preprint
arXiv:2312.06683.

Har-Peled, S.; Roth, D.; and Zimak, L. 2002. Support vector
machines with polynomial kernels. In Proceedings of the

14th Annual Conference on Computational Learning Theory
(COLT), 406-421.

Hessel, J.; Holtzman, A.; Forbes, M.; Le Bras, R.; and Choi,
Y. 2021. CLIPScore: A Reference-free Evaluation Metric
for Image Captioning. In Proceedings of the 2021 Confer-
ence on Empirical Methods in Natural Language Processing
(EMNLP), 6516-6528.

Jain, S.; Lubana, E. S.; Oksuz, K.; Joy, T.; Torr, P. H. S.;
Sanyal, A.; and Dokania, P. K. 2024. What Makes and
Breaks Safety Fine-tuning? A Mechanistic Study. In Ad-
vances in Neural Information Processing Systems, vol-
ume 37. NeurIPS 2024 Poster.

Jayasumana, S.; Ramalingam, S.; Veit, A.; Glasner, D.;
Chakrabarti, A.; and Kumar, S. 2024. Rethinking fid: To-
wards a better evaluation metric for image generation. In
Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition, 9307-9315.

Jiang, L.; Perez, E.; Lee, K.; Ganguli, D.; Ba, J.; Raffel,
C.; and He, H. 2024. On the Limitations of Toxicity Clas-
sifiers in Detoxifying Language Models. arXiv preprint
arXiv:2402.03509.

Joachims, T. 2002. Optimizing search engines using click-
through data. In Proceedings of the eighth ACM SIGKDD

international conference on Knowledge discovery and data
mining, 133-142.



Kantorovich, L. V. 1942. On the translocation of masses.
C.R. (Doklady) Acad. Sci. URSS (N.S.), 37: 199-201.

Kaplan, J. 2025. More Speech and Fewer Mistakes. Ac-
cessed: 2025-01-12.

Karthik, S.; Coskun, H.; Akata, Z.; Tulyakov, S.; Ren, J.; and
Kag, A. 2024. Scalable Ranked Preference Optimization for
Text-to-Image Generation. arXiv:2410.18013.

Kennedy, C. J.; Bacon, G.; Sahn, A.; and von Vacano, C.
2020. Constructing interval variables via faceted Rasch
measurement and multitask deep learning: a hate speech ap-
plication. arXiv preprint arXiv:2009.10277.

Kim, D.; and Ghadiyaram, D. 2025. Concept Steerers:
Leveraging K-Sparse Autoencoders for Test-Time Control-
lable Generations. arXiv:2501.19066.

Large, S.-. 2024.
stable-diffusion-3-5.
Liu, F; Liu, S.; Zheng, Y.; Cao, Y.; Li, L.; Bing, L.; Li,
L.; Sinha, K.; Wang, Y.; Callison-Burch, C.; et al. 2023.
G-Eval: NLG Evaluation using GPT-4 with Better Human
Alignment. arXiv preprint arXiv:2305.13283.

Liu, H.; Li, C; Li, Y;; and Lee, Y. J. 2024a. Improved
baselines with visual instruction tuning. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 26296-26306.

Liu, H.; Li, C.; Li, Y.; Li, B.; Zhang, Y.; Shen, S.; and Lee,
Y. J. 2024b. LLaVA-NeXT: Improved reasoning, OCR, and
world knowledge.

Liu, H.; Li, C.; Wu, Q.; and Lee, Y. J. 2024c. Visual in-
struction tuning. Advances in neural information processing
systems, 36.

Liu, R.; Khakzar, A.; Gu, J.; Chen, Q.; Torr, P.; and Pizzati,
F. 2024d. Latent Guard: a Safety Framework for Text-to-
image Generation. arXiv:2404.08031.

Loshchilov, I.; and Hutter, F. 2017. Decoupled weight decay
regularization. arXiv preprint arXiv:1711.05101.

Lu, Z.; Zhou, A.; Wang, K.; Ren, H.; Shi, W.; Pan, J.;
Zhan, M.; and Li, H. 2024. Step-Controlled DPO: Leverag-
ing Stepwise Error for Enhanced Mathematical Reasoning.
arXiv:2407.00782.

Martin, C. H.; Peng, T.; and Mahoney, M. W. 2021. Predict-
ing trends in the quality of state-of-the-art neural networks
without access to training or testing data. Nature Communi-
cations, 12(1): 4122.

Midjourney. 2024. Accessed: March 12, 2025.

OpenAl 2023. GPT-4 Technical Report. ArXiv preprint
arXiv:2303.08774.

Ouyang, L.; Wu, J.; Jiang, X.; et al. 2022. Training language
models to follow instructions with human feedback. arXiv
preprint arXiv:2203.02155.

Pearson, K. 1901. On lines and planes of closest fit to sys-
tems of points in space. Philosophical Magazine, 2(11):
559-572.

Peng, J.; Tang, Z.; Liu, G.; Fleming, C.; and Hong, M. 2024.
Safeguarding Text-to-Image Generation via Inference-Time
Prompt-Noise Optimization. arXiv:2412.03876.

https://stability.ai/news/introducing-

37717

Podell, D.; English, Z.; Lacey, K.; Blattmann, A.; Dockhorn,
T.; Miiller, J.; Penna, J.; and Rombach, R. 2023. Sdxl: Im-
proving latent diffusion models for high-resolution image
synthesis. arXiv preprint arXiv:2307.01952.

Qiu, H.; Chen, G.; Zhang, M.; Zhang, X.; You, X.; and Yang,
M. 2025. Safe Text-to-Image Generation: Simply Sanitize
the Prompt Embedding. arXiv:2411.10329.

Radford, A.; Kim, J. W.; Hallacy, C.; Ramesh, A.; Goh, G.;
Agarwal, S.; Sastry, G.; Askell, A.; Mishkin, P.; Clark, J.;
etal. 2021. Learning Transferable Visual Models From Nat-
ural Language Supervision. In Proceedings of the Interna-
tional Conference on Machine Learning (ICML).

Rafailov, R.; Zelikman, E.; Gao, S.; and Hashimoto, T. B.
2023. Direct Preference Optimization: Your Language
Model is Secretly a Reward Model. arXiv preprint
arXiv:2305.18290.

Rényi, A. 1961. On measures of entropy and information.
In Proceedings of the Fourth Berkeley Symposium on Math-
ematical Statistics and Probability, volume 1, 547-561.
Ribeiro, M. T.; Wu, T.; Guestrin, C.; and Singh, S. 2020.
Beyond Accuracy: Behavioral Testing of NLP Models with
CheckList. In ACL.

Rombach, R.; Blattmann, A.; Lorenz, D.; Esser, P.; and Om-
mer, B. 2022. High-Resolution Image Synthesis with Latent
Diffusion Models. In Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR).

Scholkopf, B.; and Smola, A. 2001. Learning with kernels:
support vector machines, regularization, optimization, and
beyond. MIT Press.

Scholkopf, B.; Smola, A.; and Miiller, K.-R. 1998. Nonlin-
ear component analysis as a kernel eigenvalue problem. In
Neural Computation, volume 10, 1299-1319.

Scholkopf, B.; and Smola, A. J. 2002. Learning with Ker-
nels: Support Vector Machines, Regularization, Optimiza-
tion, and Beyond. MIT Press.

Shazeer, N.; and Stern, M. 2018. Adafactor: Adaptive learn-
ing rates with sublinear memory cost. In International Con-
ference on Machine Learning, 4596-4604. PMLR.

Shi, Z.; Wang, Z.; and Yang, J. 2009. Wavelet-based ker-
nel function and its application in support vector regression.
Information Sciences, 179(23): 4070—-4081.

Singh, A.; et al. 2024. SafetyDPO: Modular Alignment
of Diffusion Models with Al Feedback. ArXiv preprint
arXiv:2405. XXXX.

Tonneau, M.; Liu, D.; Fraiberger, S.; Schroeder, R.; Hale, S.;
and Rottger, P. 2024. From Languages to Geographies: To-
wards Evaluating Cultural Bias in Hate Speech Datasets. In
Chung, Y.-L.; Talat, Z.; Nozza, D.; Plaza-del Arco, F. M.;
Rottger, P.; Mostafazadeh Davani, A.; and Calabrese, A.,
eds., Proceedings of the 8th Workshop on Online Abuse and
Harms (WOAH 2024), 283-311. Mexico City, Mexico: As-
sociation for Computational Linguistics.

van der Maaten, L.; and Hinton, G. 2008. Visualizing data

using t-SNE. In Journal of Machine Learning Research, vol-
ume 9, 2579-2605.

Villani, C. 2009. Optimal Transport: Old and New. Springer.



Wallace, E.; Arora, S.; Zelikman, E.; Raffel, C.; and
Hashimoto, T. 2024a. DDPO: Denoising Diffusion Policy
Optimization. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR).

Wallace, E.; et al. 2024b. Diffusion-DPO: Direct Preference
Optimization for Text-to-Image Models. In NeurIPS.

Wang, Y.; et al. 2023. AlignBench: Evaluating and Ad-
vancing Alignment for Language Models. arXiv preprint
arXiv:2312.14047.

Xu, J.; Huang, Y.; Cheng, J.; Yang, Y.; Xu, J.; Wang, Y;
Duan, W.; Yang, S.; Jin, Q.; Li, S.; Teng, J.; Yang, Z.; Zheng,
W.; Liu, X.; Ding, M.; Zhang, X.; Gu, X.; Huang, S.; Huang,
M.; Tang, J.; and Dong, Y. 2025. VisionReward: Fine-
Grained Multi-Dimensional Human Preference Learning for
Image and Video Generation. arXiv:2412.21059.

Xu, Y.; et al. 2023. ImageReward: Open-Source Visual
Reward Models for Image Generation. ArXiv preprint
arXiv:2304.05977.

Yoon, J. S.; et al. 2024. SAFREE: Steering Away from Un-
safe Concepts in Text-to-Image and Text-to-Video Genera-
tion. In CVPR.

Zhang, H.; He, Y.; and Chen, H. 2024. Steerdiff: Steering
towards safe text-to-image diffusion models. arXiv preprint
arXiv:2410.02710.

Zhang, L.; and Wang, S. 2009. Wavelet support vector ma-
chine. Expert Systems with Applications, 36(7): 10170-
10173.

Zheng, C.; Yin, F.; Zhou, H.; Meng, F.; Zhou, J.; Chang, K.-
W.; Huang, M.; and Peng, N. 2024. On Prompt-Driven Safe-
guarding for Large Language Models. arXiv:2401.18018.

Zhou, A.; Schirli, N.; Hou, L.; et al. 2023. LIMA: Less Is
More for Alignment. arXiv preprint arXiv:2305.11206.
Zou, A.; Li, X. L.; Fu, Y.; Shen, S.; Zoph, B.; Chen, X.;
Zhang, S.; Zhao, S.; et al. 2023. Universal and Trans-
ferable Adversarial Attacks on Aligned Language Mod-
els. In Advances in Neural Information Processing Systems
(NeurIPS).

37718



