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Abstract

Preference optimization (PO) for text-to-image
diffusion models can be viewed as an offline-
to-online decision-making loop: a reward model
learned from offline human preference data
guides online adaptation of a generative policy.
We show that CLIP-based rewards used in this
loop encode perceived demographics in their vi-
sual features, so DPO/GRPO can amplify re-
ward bias and narrow who appears in gener-
ated images. We propose Neutral Reward Filter-
ing (NRF), a reward-side intervention that esti-
mates demographic directions in the reward fea-
ture space with a one-time linear probe and re-
moves them by orthogonal projection before re-
wards are computed. NRF is plug-and-play with
both offline pairwise and online group-based PO,
and requires no demographic labels during PO
optimization beyond the audit stage. Experi-
ments on SDXL and SD1.5 show that NRF re-
stores most of the race/gender entropy lost during
alignment while preserving cross-reward quality
and prompt fidelity.

1. Introduction

Preference-aligned image generators increasingly use a re-
ward model trained from offline human preference data,
then adapt the generator by repeatedly sampling images
and optimizing the policy toward higher reward (Wallace
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Figure 1. PO improves reward but can narrow demographic sup-
port. NRF filters the reward feature before PO, preserving the
alignment gain while recovering demographic coverage.

etal., 2024; Xue et al., 2025). This is a canonical offline-to-
online decision-making pipeline: the learned reward is an
offline surrogate for human judgments, while PO performs
online adaptation in the generator’s action space. Its safety
depends not only on reward accuracy for image quality, but
also on what social or demographic structure the reward
represents.

We study a failure mode in this loop: CLIP-based reward
features entangle image quality and perceived demograph-
ics. When the generator adapts to such a reward, it learns
to increase the probability of demographic groups that the
reward model scores more favorably (Radford et al., 2021;
Bianchi et al., 2023). On neutral people prompts, standard
alignment reduces race entropy by up to roughly half, while
diversity-preserving RL methods improve visual variation
without recovering demographic representation. This dis-
tinction matters: a model can generate diverse poses, back-
grounds, and styles while still depicting a narrow popula-
tion.

Our contribution is a compact reward-side fix. Unlike
prompt-embedding or denoising-guidance fairness meth-
ods such as ITI-GEN and FairDiffusion, NRF targets the re-
ward signal that drives alignment itself (Zhang et al., 2023;
Friedrich et al., 2023). NRF identifies the low-dimensional
demographic subspace of the reward feature space, projects
it out, and feeds the filtered feature to the original reward
head. The PO algorithm itself is unchanged, so the same
idea applies to DPO-style offline pair construction and
GRPO-style online adaptation. This projection is related
to linear representation debiasing and null-space removal
methods (Bolukbasi et al., 2016; Ravfogel et al., 2020), but
differs in that the filtered representation is used inside the
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reward computation that drives diffusion preference opti-
mization.

2. Methods

Let a learned image reward be r(z, ¢c) = h(¢(z), ¢), where
¢ is the reward model’s visual encoder and A is its scor-
ing head. We generate a one-time audit set of 10K images
from the base model using demographic-neutral prompts
and label perceived race/gender with an automatic classi-
fier (Kdrkkdinen and Joo, 2021). A linear probe W trained
on reward features predicts race with 66.8—74.5% accuracy
across HPS-v2, PickScore, ImageReward, and LAION-
Aesthetic features (Wu et al., 2023; Kirstain et al., 2023;
Xu et al., 2023; Schuhmann et al., 2022), and gender with
77.3-85.1% accuracy; chance is 14.3% and 50%, respec-
tively. A two-layer MLP improves these numbers by only
0.6-2.2%, suggesting that the actionable demographic sig-
nal is mostly linear.

Given the probe W € R¢*?, we compute W = UV T
and take the top k right singular vectors Vi, = [v1, ..., vg].
The filtered feature and reward are

o) = (I = ViV )o(x),  F(z,c) = h(d(x).0). (1)
The filtered reward 7 replaces r in the existing objective.
For GRPO, group-relative advantages are computed from
7; for DPO, preference pairs are ranked by . We use
k = 5 by default: it reduces race/gender probe accuracy
to near chance, while changing the reward feature norm by
less than 3% in our SDXL runs. The additional cost is one
d x k projection per generated image, which is negligible
compared with denoising and reward-encoder inference.

Feature-level filtering is intentionally earlier than scalar
score correction. A scalar baseline that subtracts a per-
demographic-group reward mean requires group labels for
generated samples during training, is tied to the chosen
classifier taxonomy, and cannot remove demographic in-
formation that the reward head later mixes with quality. In
contrast, NRF removes the corresponding directions before
the score is produced; it therefore works with the original
PO loss and does not require demographic labels after the
one-time audit stage.

Important scope. NRF does not enforce demographic
attributes in prompts and does not claim that the uniform
distribution is a normative target for every use case. We use
uniformity only as a diagnostic reference on deliberately
neutral people prompts, with the goal of preventing addi-
tional narrowing caused by alignment. On prompts that
explicitly specify demographics, the text-to-image condi-
tioning path is untouched, so demographic controllability
is largely preserved (Table 3).

3. Experiments
3.1. Experimental Setup

We evaluate SDXL (Podell et al., 2024) and SD1.5 (Rom-
bach et al., 2022) with HPS-v2 as the primary training re-
ward. Baselines include the base model, Diffusion-DPO,
DanceGRPO, DRIFT, DiverseGRPO, and ITI-GEN com-
bined with GRPO (Zhang et al., 2023; Wallace et al., 2024;
Xue et al., 2025; Liu et al., 2025; 2026). All aligned mod-
els use LoRA (Hu et al., 2022) and are trained for 2K
steps. Evaluation uses 500 neutral prompts spanning oc-
cupations, everyday scenes, and generic portraits, with 20
images per prompt. We report reward-based quality (HPS,
PickScore, ImageReward), FID (Heusel et al., 2017), Vendi
Score for visual diversity (Friedman and Dieng, 2023), and
fairness metrics from perceived race/gender labels: entropy
(Race-H, Gen-H), demographic parity difference (DPD),
and worst-group rate (WGR).

3.2. Main Results

Table 1 shows the central pattern. DanceGRPO reaches the
highest HPS score, but reduces Race-H from 1.74 to 0.89
and the worst-group rate from 8% to 1%. DRIFT and Di-
verseGRPO raise Vendi Score to 0.73 and 0.71, yet their
Race-H remains below 1.0. This supports the key diagno-
sis: visual diversity and demographic fairness are different
axes of variation, and optimizing for one does not automat-
ically repair the other.

NRF with GRPO recovers Race-H to 1.67 and Gen-H to
0.96, while keeping HPS within 0.4% of DanceGRPO.
Cross-reward metrics remain close as well (PickScore
21.54 vs. 21.63; ImageReward 0.91 vs. 0.93), reducing
the risk that the method merely exploits the training reward.
On SD1.5, the same trend holds: GRPO drops Race-H from
1.68 to 0.84, while NRF recovers it to 1.62 with a compa-
rable quality gap.

3.3. Diversity and Demographic Fairness

Figure 3 makes the difference between generic diversity
and demographic fairness explicit. DRIFT and DiverseG-
RPO occupy the high-diversity, low-fairness region: they
diversify visual modes but leave the reward’s demographic
preference intact. NRF is not the highest-Vendi method,
but it is the only aligned method that simultaneously im-
proves visual diversity over the base model and restores de-
mographic entropy close to the base model. This supports
the reward-filtering design choice: fairness should be ad-
dressed at the reward feature that drives the policy update,
not only through a diversity bonus on generated samples.

Figure 4 further shows that demographic collapse is pro-
gressive: entropy begins falling early in training, before
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Figure 2. NRF changes only the reward computation in the offline-to-online alignment loop. A one-time preparation stage learns demo-
graphic directions in reward-feature space. During PO, generated samples pass through the same reward encoder, but the demographic
component is projected out before the reward head and the standard DPO/GRPO update is applied.
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Figure 3. Visual diversity and demographic fairness are separable.
Diversity-aware methods move rightward, but remain low in race
entropy. NRF moves toward the upper-right region.

large quality gains. This suggests that the demographic
component of the reward is an easy shortcut for the policy
to exploit. Filtering this component is therefore more di-
rect than adding a generic diversity bonus after the biased
reward has already been computed.
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Figure 4. Race entropy during online adaptation. Standard PO
and diversity-aware RL progressively narrow demographic cover-
age; filtering the reward feature prevents the collapse at its source.

3.4. Additional Analysis

Projection dimension. Table 2 shows that increasing &
from 1 to 5 steadily restores fairness with minimal quality
loss, while £ = 10 gives little additional fairness and be-
gins to reduce reward quality. This supports using a small
demographic subspace rather than aggressively suppress-
ing broad semantic information. The same table also ad-
dresses two practical sensitivities: replacing FairFace with
CLIP zero-shot labels, or degrading labels to 80% accuracy,
still yields a large improvement over unfiltered GRPO.
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Table 1. SDXL results. Standard PO improves quality but sharply degrades demographic coverage; diversity methods improve Vendi

but not fairness. NRF restores demographic coverage while keeping cross-reward quality close to GRPO.

Quality and visual diversity

Demographic fairness

Method HPSt Pickt ImgRfT FID| Vendit Race-HT Gen-Ht DPD] WGR?T
Base SDXL 25.81 20.14 042 44.7 0.44 1.74 0.97 0.18 0.08
Diff-DPO 27.08 21.27  0.81 40.3 0.37 1.08 0.78 0.41 0.02
DanceGRPO 2742 21.63  0.93 38.9 0.34 0.89 0.69 0.49 0.01
DRIFT 27.18 2141 0.87 33.1 0.73 0.93 0.72 0.46 0.02
DiverseGRPO 2729 21.52 090 33.8 0.71 0.96 0.73 0.44 0.02
ITI-GEN+GRPO 26.84 21.08 0.79 39.2 0.40 1.43 0.88 0.27 0.05
NRF w/ DPO 2693 21.19 0.78 374 0.62 1.61 0.94 0.21 0.07
NRF w/ GRPO 2731 21.54 091 359 0.67 1.67 0.96 0.19 0.07

Table 2. Ablations on SDXL/GRPO. The default £ = 5 balances
fairness and quality; scalar output-level debiasing is weaker than
feature projection.

Variant Quality Race-HT
No projection 27.42ups 0.89
k=1 27.39ups 1.34
k=3 27.35aps 1.58
k = 5 (default) 2731ups 1.67
k=10 27.14yps 1.69
Output-level means 27.38ups 1.23
CLIP zero-shot labels 27.33ups 1.59
80% noisy labels 27.32ups 1.56

Table 3. Compact robustness checks on SDXL/HPS-v2.

Concern Check and outcome

Nonlinear residual After projection: MLP race 16.3% and gender
52.1% (chance: 14.3%, 50%).

Race-H gain from GRPO to NRF: FairFace
0.89—1.67, CLIP 0.86—1.59, DeepFace
0.79—1.49.

On 70 demographic-specified prompts, match rate
is 76.3% vs. 78.6% for GRPO; HPS is 27.28 vs.
27.39.

Pearson p(r, 7) = 0.963; top-10% reward-rank
preservation is 91.4%.

Classifier dependence

Prompt fidelity

Reward/OOD shift

Validation checks. Potential failure modes are summa-
rized in Table 3. First, a nonlinear probe on filtered HPS-
v2 features remains near chance, indicating that projection
does not merely hide demographics from a linear classifier.
Second, fairness gains are not tied to FairFace alone: CLIP
zero-shot and DeepFace (Serengil and Ozpinar, 2021) show
the same relative recovery. Third, demographic-specified
prompts preserve controllability. Finally, the filtered re-
ward is highly correlated with the original reward, and top-
ranked images mostly remain top-ranked, which helps ex-
plain why the frozen reward head does not exhibit a severe
out-of-distribution failure in our runs.

The Stage-1 prompt set is an important design choice. We
use 200 broad neutral prompts spanning occupations, ev-

eryday situations, and generic portraits so that the learned
subspace is not dominated by a single concept such as
“doctor” or “CEO.” In deployment, the same audit can be
repeated with task-specific neutral prompts, and Vj, can be
refreshed if the policy or prompt distribution shifts substan-
tially.

Audit-subspace robustness. NRF uses a static audit sub-
space estimated from broad neutral prompts, so it should
not be interpreted as a once-and-for-all demographic filter
for every deployment distribution. If downstream prompts
shift toward niche domains, historical attire, culturally
specific concepts, or specialized occupations, the audit
prompts should be refreshed and the filtered reward should
be rechecked. There is also a possible trade-off: demo-
graphic directions can be entangled with legitimate cul-
tural or semantic cues. For this reason, we treat NRF as a
deployment-time mitigation that requires periodic auditing,
rather than as a guarantee that all demographic information
has been safely removed.

We also checked whether marginal race/gender recovery
hides intersectional collapse. On the 14-way race x gender
distribution, GRPO reduces entropy from 2.38 to 1.21 and
the worst-group rate from 3.1% to 0.3%; NRF recovers
entropy to 2.26 and the worst-group rate to 2.7%. Age
is harder: a nonlinear probe retains more age signal after
linear projection, so age entropy improves only partially.
This suggests that iterative null-space removal, adversarial
removal, or adaptive nonlinear filters may be useful exten-
sions, but they would require additional checks for reward-
rank preservation, prompt fidelity, and stability during on-
line adaptation.

4. Discussion

NREF treats fairness in diffusion alignment as a reward de-
sign problem for offline-to-online decision-making. When
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the reward model encodes demographics, policy adaptation
can amplify this information even if the base model was
more balanced. Filtering the reward feature is lightweight,
optimizer-agnostic, and compatible with stronger PO meth-
ods.

Limitations and Future Work. The current short pa-
per has limitations. The demographic labels are automatic
perceived-attribute labels, not identity ground truth, and
the categories may not match all cultural contexts. The
uniform reference distribution is a diagnostic for neutral
prompts, not a universal fairness objective; for concepts
whose demographics are intentionally specified, prompt fi-
delity should take precedence. The projection is static and
linear, so it may not fully remove nonlinear or distribution-
shifted demographic encodings. We also view hidden-
layer OOD analysis and double-blind human evaluation as
important future validation, especially for judging quality
preservation beyond proxy rewards.

Conclusion. Relative to prompt-based fairness methods,
NREF is not meant to decide which groups should appear
for every prompt. Its narrower role is to prevent a learned
reward from turning offline preference data into an online
policy update that systematically drops groups. This makes
it complementary to dataset documentation, fairness-aware
prompting, and downstream human review.
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