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Abstract

Generative Al can now synthesize strikingly
realistic images from text, yet output qual-
ity remains highly sensitive to how prompts
are phrased. Direct Preference Optimization
(DPO) offers a lightweight, off-policy alterna-
tive to RL for automatic prompt engineering,
but its token-level regularization leaves seman-
tic inconsistency unchecked as prompts that
win higher preference scores can still drift away
from the user’s intended meaning.

We introduce Sem-DPO, a variant of DPO
that preserves semantic consistency yet retains
its simplicity and efficiency. Sem-DPO ad-
justs the DPO loss using a weight based on
how different the winning prompt is from the
original, reducing the impact of training ex-
amples that are semantically misaligned. We
provide the first analytical bound on seman-
tic drift for preference-tuned prompt genera-
tors, showing that Sem-DPO keeps learned
prompts within a provably bounded neighbor-
hood of the original text. On three standard
text-to-image prompt-optimization benchmarks
and three language models, Sem-DPO achieves
8—-12% higher CLIP similarity and 5-9% higher
human-preference scores (HPSv2.1, PickScore)
than DPO, while also outperforming state-of-
the-art prompt optimization baselines as well as
several DPO variants. These findings suggest
that strong flat baselines augmented with se-
mantic weighting should become the new stan-
dard for prompt-optimization studies and lay
the groundwork for broader, semantics-aware
preference optimization in language models.

1 Introduction

Recent advances in Generative Al have democ-
ratized creative expression, enabling users to
generate high-quality images from textual input
prompts (Ramesh et al., 2021; Saharia et al., 2022;
Yu et al., 2022; Rombach et al., 2022; Ramesh
et al., 2022). However, the quality of these out-
puts remains highly dependent on the design of in-

put prompts, which must precisely represent styles,
and contexts to guide generative models. Devel-
oping effective prompts is a non-trivial task, and
users often resort to trial-and-error or manual en-
gineering, a process that is labor-intensive and
model-specific (Reynolds and McDonell, 2021).
As a result, recent work has investigated the use
of Large Language Models (LLMs) to automate
prompt engineering by paraphrasing and stylis-
tic augmentation. This has led to the develop-
ment of strategies for fine-tuning LL.Ms to gen-
erate prompts that optimize proxy metrics such
as aesthetic score, using reinforcement learning
(RL)-based approaches (Hao et al., 2022; Cao et al.,
2023). However, these methods suffer from poor
human alignment, since maximizing surrogate met-
rics does not necessarily reflect user preferences, as
prompts optimized for aesthetic score, for instance,
might produce overly stylized images that deviate
from the user’s intended meaning. Moreover, they
can incur significant computational costs due to
on-policy sampling (e.g., RLAIF) (Lee et al., 2023;
Lindstrom et al., 2024; Agarwal et al., 2024).

Challenges. To address the challenges of human
alignment and cost of RL-based approaches, Di-
rect Preference Optimization (DPO) has emerged
as a compelling off-policy alternative (Rafailov
et al., 2023). DPO aligns the policy with pref-
erence data by maximizing a contrastive likelihood
objective over preferred and dispreferred samples,
typically from human or proxy annotator compar-
isons. While DPO has shown strong empirical
performance in dialogue and instruction tuning
tasks (Khan et al., 2024; Saeidi et al., 2024; Dong
et al., 2024; Jung et al., 2025), its application to
prompt optimization reveals a critical weakness.
As shown in Figure 1, DPO improves human pref-
erence alignment, i.e., it generates outputs more
liked by humans, but often reduces semantic con-
sistency, where outputs stray from the original
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Figure 1: An illustration of semantic drift in prompt op-
timization. Note how the DPO generated image, while
achieving a higher human preference score, deviates
semantically from the original prompt’s intent (e.g. em-
phasizing lush greenery despite the desert descriptor).
This results in a lower CLIP score, showing the prefer-
ence vs fidelity tradeoff that Sem-DPO addresses.
prompt’s meaning (as measured by CLIP). This
suggests that the DPO-optimized prompts, though
more aligned with human preferences, drift seman-
tically from the intended meaning. We attribute
this to the structure of the DPO gradient, which is
driven by token-level likelihood ratios and provides
no signal for preserving the semantic distance be-
tween the input and the preferred output (Razin
et al., 2024; Yang et al., 2024a). Recent work
shows that even sophisticated prompt optimizers
(Zhu et al., 2025) and pair-reweighted DPO (Amini
et al., 2024) still overlook semantic drift. In com-
pound Al systems, where a prompt optimizer feeds
a downstream generator, unconstrained preference
tuning can propagate semantic drift through the
pipeline, so preserving input meaning is a key reli-
ability concern.

Prior Works. Several variants of DPO have
been proposed to improve optimization stability
and alignment robustness, such as KL-regularized
DPO (Wang et al., 2023), T-REG (Zhou et al.,
2024b), 5-DPO (Wu et al., 2024) and two-stage
filtering pipelines (Shan et al., 2025). More re-
cently, semantic-aware Kernel-based Preference
Optimization (KTO; Ethayarajh et al. (2024)) has
been introduced. KTO compares model outputs us-
ing divergence-based similarity metrics, enabling
the model to capture richer preference structures
beyond simple log-likelihood ratios and helping
preserve semantic content during training. How-
ever, these approaches still primarily operate within

the token-probability or distributional space, lack-
ing direct integration of semantic meaning into the
loss function itself. Critically, they do not penal-
ize preference pairs in which the selected output
is semantically misaligned with the input, thereby
implicitly rewarding stylistic overfitting.

This motivates our central question. How can
we adapt DPO to optimize prompts so the outputs
are both highly preferred by humans and remain
semantically faithful to the original input?

Our Approach. We propose Sem-DPO
(Semantic-DPO), a variant of DPO that explic-
itly incorporates semantic consistency into the
preference alignment process. While current
methods focus primarily on optimizing token-level
log-likelihood ratios, Sem-DPO introduces an
importance weighting mechanism that adjusts
the influence of each training sample based
on its semantic alignment with the original
prompt. Specifically, for each triplet (z, Y, y1),
we compute a semantic consistency weight
Wz, yw) = exp(—a - d(e,(7), ep(yw))), where
e,(+) is an embedding function and d(-,-) is a
cosine distance metric. This weight downscales
the gradient contribution of preference pairs where
the preferred output semantically diverges from
the input, thereby mitigating the semantic incon-
sistency often observed in prompt optimization.
Crucially, the weighting is computed offline and
integrated to the loss function, preserving the
computational efficiency and training simplicity
of DPO. Sem-DPO thus fills the gap of DPO
framework to enforce preference alignment and
semantic consistency, making it better for tasks
where preserving input intent is critical.

Contributions. This work makes four decisive
advances toward trustworthy prompt optimization
for text-to-image models. (C1) Problem Formu-
lation. We are the first to cast semantic drift as
a core failure of preference-based prompt opti-
mization, turning an often-ignored side-effect into
a formal learning objective. (C2) Semantically-
Weighted DPO Objective. We introduce Sem-
DPO, a lightweight, powerful variant of DPO that
injects semantic-aware importance weights into
the loss, seamlessly combining human preference
alignment with semantic fidelity, without sacrific-
ing DPO’s performance and simplicity. (C3) The-
oretical Analysis. We provide the first theoreti-
cal guarantees that explicitly bound semantic drift



under preference optimization, offering provable
insight into when and why Sem-DPO outperforms
prior work. (C4) Experimental Analysis. Exten-
sive experiments on three benchmark datasets and
five language models show Sem-DPO consistently
offers the best trade-off between human preference
and semantic alignment, outperforming baselines
across automated metrics and human evaluation
(82.2% preference in direct comparison), setting a
new state of the art in prompt optimization.

2 Related Works

Preference alignment has evolved from RLHF,
which relies on reward models and costly pol-
icy optimization (Bai et al., 2022; Ouyang et al.,
2022), to DPO, which reformulates alignment
as a closed-form contrastive classification prob-
lem (Rafailov et al., 2023). DPO has since been
extended across domains (Dong et al., 2024; Yang
et al., 2024b; Sun et al., 2024; Lu et al., 2024,
Khaki et al., 2024; Wallace et al., 2024) with con-
trastive and entropy-based adjustments (Xiao et al.,
2024; Omura et al., 2024). Recent work introduces
regularization via entropy penalties (Omura et al.,
2024), calibrated objectives (Xiao et al., 2024),
feature-level constraints (Yin et al., 2024), and ad-
versarial self-play (Tang et al., 2025). Semantic-
aware approaches couple probability-space and
embedding-space objectives (Das et al., 2025; Cai
etal., 2025; Zhao et al., 2023), though many remain
modality-specific or annotation-heavy (Shekhar
et al.,, 2024; Jinnai and Honda, 2024), while
reweighting schemes focus only on preference mar-
gins (Zhou et al., 2024a). Existing methods either
treat semantics as post-hoc filters or rely on heuris-
tics, without directly integrating semantic consis-
tency into the preference loss or offering guarantees
against prompt-level drift. A complete discussion
is in Appendix A.

3 Proposed Approach

This section begins by providing a theoretical back-
ground of DPO. Following this, we introduce Sem-
DPO, our proposed variant of DPO that explicitly
incorporates semantic consistency while retaining
DPO’s simplicity and efficiency.

Preliminaries. Reinforcement Learning from
Human Feedback (RLHF) aligns models with hu-
man preferences using a dataset of triplets D =
{(z,yw,y1)}, where a response y,, is preferred

Figure 2: Concept Figure. DPO steers prompts into
the preference region, while the ideal target lies at the
intersection of preference and semantic regions. Sem-
DPO is designed to reach that overlap

over y; for a given input . While traditional RLHF
first trains a reward model and then uses it to opti-
mize a policy, DPO streamlines this into a single-
stage training process. DPO achieves this by estab-
lishing a direct analytical link between the reward
function and the optimal policy 7*. Specifically,
the reward function is reparameterized in terms of
the policy as:

™ (ylz)
et (y)

7" (z,y) = Blog + Blog Z(x)

By substituting this relationship into the Bradley-
Terry preference model, DPO derives a simple max-
imum likelihood objective that directly optimizes
the language model policy my on the preference
data. This avoids the complexities of training a
separate reward model by instead minimizing the
following negative log-likelihood loss:

Lppo () = —]E(z,yw,yz)ND
1
|:logg- <Blog 7r9(ZJw|I) —ﬁlog 7T9(y1|x) ):| ( )
et (Yo | ) Trer (Y1])

3.1 Motivation

The goal of automated prompt optimization is to re-
fine an initial user prompt, p;, to generate a superior
image. An ideal prompt must satisfy two condi-
tions: it must produce a high-quality image pre-
ferred by humans, thus lying in a high-preference
region (Wpr), and it must preserve the core mean-
ing of the original request, remaining within a se-
mantic consistency space (Vsenm), as shown in Fig-
ure 2. While powerful methods like DPO are effec-
tive at navigating the prompt space to find solutions
(Pppo) that score high on preference metrics, they
suffer from a critical flaw. Since DPO operates
at a token level without an intrinsic understanding
of meaning, its optimization path often exits the
semantic consistency space. This “Semantic Drift”



results in a final prompt that, although optimized
for preference, generates an image that is semanti-
cally inconsistent from the user’s intent.

To address this, we propose Sem-DPO, a method
designed to find an optimal prompt, pg... ppo- that
resides in the intersection of both the preference
and semantic spaces (Wprer N WUsen). Our ap-
proach augments the standard DPO objective with a
semantic-aware weighting mechanism. This mech-
anism calculates the semantic distance between
candidate prompts and the initial prompt p;, penal-
izing any updates that cause significant semantic
drift. This penalty acts as a corrective force, con-
straining the optimization search to remain within
the semantic consistency space while simultane-
ously seeking higher-preference solutions. As a
result, Sem-DPO produces a prompt that is not
only preferred but also semantically faithful, ensur-
ing the final generated image successfully aligns
with the user’s intent.

Problem Formulation The task of preference-
based prompt optimization is to fine-tune a policy
model, my to generate improved prompts. Standard
DPO achieves this by minimizing Equation 1.

Definition 1 (Semantic Drift) Let e, : X — R°
be a frozen pre-trained embedding model and
deos(+,+) a cosine distance measure. For an initial
prompt T and an optimized prompt y, we define the
semantic drift d(z,y) = deos(€5(2), €4(y)). The
prompt y exhibits significant semantic drift when-
ever d(x,y) > T for a user-chosen threshold.

The central issue we address is that the DPO
loss operates at the token level and includes no
term to penalize semantic drift. Consequently, a
DPO-finetuned model may generate a prompt that
produces a stylistically superior yet semantically
inconsistent image with the original prompt, a phe-
nomenon we observe empirically (Figure 1).

3.2 Sem-DPO: Semantic Direct Preference
Optimization

To mitigate the semantic drift in the standard DPO
framework, we propose Semantic Direct Preference
Optimization (Sem-DPO). Our approach modifies
the DPO objective by introducing a per-sample
semantic weight that is a function of the semantic
similarity between the input prompt (z) and the
preferred output (y,,). Specifically, we define a
semantic consistency weight W, (x, y,,) as:

W) = exp (=0 dos (e (o)) ) @)

where, a > 0 is a hyperparameter that controls
the strength of the semantic weighting. This weight
is then incorporated directly into the DPO loss func-
tion, yielding the Sem-DPO objective:

Lsemvro(0) = —E(z,yy,y)~D

oo 1 - )

This weighting scheme (Equation 2) down-
weights training samples where the preferred
prompt semantically drifts from the input. Pairs
with high semantic similarity receive higher
weights, preserving their gradient influence, while
those with low similarity are exponentially sup-
pressed. This encourages outputs that are both
aesthetically and semantically aligned, ensuring
the optimized prompt stays within the target region
Wpper N Ugem. Since weights are computed offline
using a frozen encoder, this incurs no additional
overhead and retains the original DPO’s efficiency.

4 Theoretical Analysis

We present a theoretical analysis of Sem-DPO, es-
tablishing two key results that justify its design.
First, we show that the exponential weighting pro-
vides a smooth, stable approximation to hard se-
mantic filtering. Second, we prove that by con-
trolling semantic drift, Sem-DPO bounds the drift
between the generated image and the input prompt.
The log-odds difference used in DPO is:

K w | T
Ae(z,yw,yl) = ’B (10g s ng(yy || Cj) -
ref\Jw

o (yo | ) )

Tret(Y1 | )
(3)

{(A) = —loga(A) @)

Smooth Filtering Mechanism. Sem-DPO em-
ploys a smooth exponential kernel to down-weight
semantically divergent samples, avoiding the dis-
continuities introduced by hard filtering based on
a fixed threshold. Our first proposition shows that
this yields a stable relaxation of hard filtering, with
bounded approximation error.

Proposition 1 (Uniform Deviation Bound)
Sem-DPO’s exponential importance-weighting,
Wo(d) = exp(—ad), serves as a smooth relax-
ation of hard semantic filtering, with a bounded
approximation error.



Remark (distance). Sem-DPO measures semantic
drift using cosine distance in a frozen CLIP-style
embedding space. For results that require a proper
metric—most notably Proposition 2, where we in-
voke the triangle inequality—we instead work with
the Euclidean distance between £5-normalized em-
beddings:

dmetric(x7y) = He¢>(x) - €¢(y)”2.

For unit-normalized embeddings u, v, cosine sim-
ilarity and Euclidean distance are monotonically
equivalent via

|u—v||3 = 2(1 — cos(u,v)).

Thus, when embeddings are normalized, using
cosine-based drift for weighting and Euclidean dis-
tance for the metric argument is consistent up to a
monotone transformation.

Proof. Let hard semantic filtering be defined by
an objective function that uses an indicator function
l{4<r} to discard examples where the semantic
distance d exceeds a threshold 7 > O:

L:(0) = Ep[lig<r)l(Ao)]

where [(Ag) = —log o(Ay) is the standard DPO
loss term. The threshold 7 is used only to define an
idealized hard-filter objective for analysis (Proposi-
tion 1). Sem-DPO training itself does not require
choosing or tuning 7.

Sem-DPO replaces this discontinuous indica-
tor function with the smooth exponential kernel
W, (d), yielding the objective:

Lsemppo() = Ep[Wa(d)I(Ag)]

Assuming the loss term is bounded, such that
lI(:)] < M for some constant M, the absolute
deviation between the Sem-DPO objective and the
hard-filtered objective is bounded as follows:

| Lsemppo(0) — L-(6)| = ‘]ED[(W“(d) — Lasr) K(Ae)]‘
< Ep[|Wa(d) — Las-| [€(20)]]
< M Ep[|Wa(d) - Laz-|]-

The maximum pointwise difference between the
weighting function W, (d) and the indicator func-
tion occurs at the discontinuity point d = 7 and is
bounded by 1 —e~*". Thus, the expected deviation
is also bounded:

|Lsemppo(0) — L(0)] < M(1—e°7)

which completes the proof.

Interpretation. Proposition 1 shows that the ex-
ponential weighting used by Sem-DPO is a smooth
surrogate for an idealized hard semantic filter. The
bound

| Lsem-ppo(6) — Ly (6)] < M (1 —e™°)

makes explicit how 7 and M affect the approxima-
tion. Here, 7 is the reference hard-filter threshold
used only for analysis: larger 7 makes the hard
filter less selective and correspondingly increases
the worst-case deviation upper bound, approach-
ing M as 7 — oo. The constant M is a conser-
vative worst-case bound on the magnitude of the
per-example DPO loss term |[¢/(A)|. In practice,
the effective deviation can be much smaller when
logits or observed loss values remain in a moderate
range during training.

Guarantee for Semantic Consistency. We now
present our main theoretical result, which provides
a formal guarantee that Sem-DPO achieves its ulti-
mate goal of ensuring the final, high-preference
image is semantically aligned with the original
user prompt. This is predicated on a reasonable
assumption about the quality of the underlying text-
to-image generator.

Assumption 1 (T2I Consistency Error) For any
prompt y and a high-quality text-to-image gener-
ator I, the consistency error dr(y) = |ley) —
Epmg((I(y))|l, which measures the distance be-
tween the prompt’s embedding and its correspond-
ing image’s embedding in a shared space, is
bounded by a small constant e.

leq) — Emg(I(y))]| < e

This implies the generated image remains seman-
tically close to its prompt, within an e-bounded
neighborhood in embedding space.

Proposition 2 (Bounded Semantic Drift) The
semantic distance between the original prompt
x, optimized prompt y and the final image 1(y),
denoted drar.prin(,y), is upper-bounded by the
sum of the semantic drift and the T2I consistency
error of the generator.

Proof. Let e(z) and e(y) be the text embed-
dings of prompts x and y, and let Eing(I(y)) be
the image embedding of the generated image from
prompt y. The text-to-image drift is defined as

drarpnite (7, y) = [le@) — Emg(I(y))]-



By applying the triangle inequality property of
vector norms, we can establish an upper bound:

lle(z) = Eme(I(y))]| <
lle(x) = e()ll + lle(y) — Eme(I(y))]]

This inequality can be expressed using our dis-
tance notations:

dra(y)

generator-level drift

drorpiit (%, y) < dsemantic-prit (€, Y) +

total drift prompt-level drift

Here dsemantic-Drift (2, y) denotes the metric drift
lleg(x) — eq(y)||2 in the shared embedding space.
Applying our T2I Consistency Error Assumption,
where dr21(y) < €, we arrive at the final bound:

dTZI—Drift(fEa y) < dSemantic—Drift(l'a y) + €

which completes the proof.

Interpretation. In this decomposition,
dSemantic-Drit (T, y) is the prompt-level drift
induced by the prompt optimizer (the term Sem-
DPO is designed to reduce), whereas dro1(y) is the
generator-level inconsistency of the downstream
T2I model (assumed < €). Thus drorprife(2, y)
measures the end-to-end drift of the full text-to-
image system. More generally, the same argument
extends to all compound Al pipelines composed of
multiple generative modules.

5 Evaluation

5.1 Experimental Setup

Datasets and Baselines. To assess the efficacy
of Sem-DPO, we conduct experiments on three
publicly available datasets. For in-domain test-
ing, we utilize DiffusionDB and Lexica. For
out-of-domain generalization assessment, we use
the COCO dataset. Following prior work, the
prompts for our experiments are sourced from
Hao et al. (2022), with 200 prompts selected from
each dataset. Our evaluation spans five prompt-
generation backbones: Qwen1.5-1.8B, Llama3.2-
1b, GPT-2, Qwen3-0.6b and Qwen3-1.7b. We com-
pare Sem-DPO across a set of baselines, including
Human Input, SFT, and a vanilla DPO. 7o align
with earlier prompt-optimization studies that build
on older models (GPT-2), we additionally repeat all
experiments with a GPT-2 backbone and, in that set-
ting, report results for Promptist (Hao et al., 2022)
and BeautifulPrompt (Cao et al., 2023) alongside
GPT-2 versions of SFT and DPO. Additionally, we
compare each model against contemporary mod-
ern DPO variants including KTO (Ethayarajh et al.,

2024), ORPO (Hong et al., 2024), and 5-DPO (Wu
et al., 2024) using the different model backbones.

Metrics. We evaluate the generated images using
a combination of metrics to assess semantic con-
sistency and human preference alignment. These
include the CLIP Score, to measure the semantic
relevance between the generated image and the in-
put prompt, where higher scores indicate better se-
mantic alignment. We also use PickScore (Kirstain
et al., 2024), an image quality metric trained on hu-
man preferences reflecting the likelihood a human
would prefer a given image, and HPSv2.1 (Wu
et al., 2023), a Human Preference Score also
trained to predict human judgments of image qual-
ity and alignment. These metrics provide quantita-
tive measures to assess the quality and relevance of
the generated images based on different criteria.

Preference Labels and Finetuning. For 50k in-
puts, candidate prompts were generated with a SFT
model. Each candidate was then rendered into an
image using Stable Diffusion v1.4 with the DDIM
scheduler. The images were scored by our pref-
erence model (ImageReward (Xu et al., 2024b))
and assigned “chosen” or “rejected” labels, which
served as the training signal for both DPO and
Sem-DPO. Such use of Al models to generate pref-
erence labels is common in large reward model-
ing pipelines, including RLHF and RLAIF, where
proxy or Al feedback is used in place of direct
human annotations. Because the same preference
labels are shared across all methods, the compari-
son remains fair and free from labeling bias. We
add further experimental details in Appendix E.

5.2 Experimental Results

Performance and Semantic Consistency. The
efficacy of Sem-DPO was rigorously evaluated
against standard and state-of-the-art prompt opti-
mization methods, leveraging both automated align-
ment metrics (CLIP Score) and human preference
metrics (HPSv2.1 and PickScore). As shown in
our main results (Figure 3) and detailed in the
Appendix (Tables 5, 7, & 6), Sem-DPO consis-
tently demonstrated superior performance across
all three backbones. Additional validation on
Qwen3-0.6B/1.7B and multiple encoders (CLIP,
Jina CLIP v4, BLIP-ITM) confirms these improve-
ments (Appendix B). Sem-DPO especially excels
in enhancing human preference alignment while
maintaining strong semantic consistency across
diverse datasets, thereby outperforming previous
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Figure 3: Semantic—preference landscape of prompt-optimization methods across models and datasets. Scatter
plots chart CLIP Score against human preference (HPSv2.1) on three datasets with Qwen 1.5-1.8b (top), GPT-2

(middle), and Llama 3.2-1b (bottom) generators. Points

closer to the upper-right indicate prompts excelling in both

metrics. Figures comparing CLIP score against a second human preference metric (PickScore) are in the Appendix.

baselines of prompt optimization in text-to-image
generation. As depicted in Figure 1, standard DPO
improved human alignment over Original Prompt
but frequently resulted in lower CLIP scores, in-
dicative of semantic inconsistency where generated
prompts diverged from the user’s original intent.
Sem-DPO addresses this limitation by explicitly in-
corporating semantic consistency into the optimiza-
tion process, and does so without excess verbosity,
as shown in Tables 1 and 2.

Analysis Across Datasets. A detailed analysis
of the results, presented in Figure 3, underscores
Sem-DPO’s advancements across in-domain (Dif-
fusionDB & Lexica) and out-of-domain (COCO)
datasets. For DiffusionDB, Sem-DPO achieved
a better HPSv2.1 score and PickScore compared
to other baselines in most of the scenarios, while
maintaining a strong CLIP Score. On the Lex-
ica dataset, Sem-DPO exhibited the highest CLIP
Score, HPSv2.1 score, and PickScore among all
evaluated methods, highlighting its robustness in
an in-domain setting. In out-of-domain, Sem-DPO
continued to excel, yielding the highest HPSv2.1
score and a PickScore, further affirming its gen-
eralization capabilities and superior human pref-
erence alignment. Although the absolute gains in
PickScore appear modest, they translate into no-
ticeably improved visual fidelity in the generated
images, also shown in prior works.

Method N Mean Std Median Max
Human Input 600  18.10 20.49 10.0 211
SFT 600 33.64 17.82 28.5 77
DPO 600 54.61 20.98 59.0 104
Sem-DPO 600 35.10 17.70 30.0 75

Table 1: Overall token length statistics of rewritten
prompts.

Dataset Human SFT DPO Sem-DPO
COCO 8.0 255 71.0 29.0
DiffusionDB  19.0 34.0 56.0 37.5
Lexica 13.0 28.0 55.0 29.0

Table 2: Per-dataset median token length of rewritten
prompts.

Head-to-head Comparison. Figure 4 reports
how often a Sem-DPO-generated prompt wins, ties,
or loses when pitted one-by-one against outputs
from Human Input, base DPO, and SFT under
each metric. Against DPO, Sem-DPO wins on
53.5% of prompts for CLIP, 57.2% for PickScore,
and 67.3% for HPS v2.1, with losses dropping to
roughly one-third of the cases. The margin is even
larger over SFT (e.g., 63.2% wins on CLIP and
75.0% on HPS), while gains over raw Human In-
put are positive but smaller, reflecting that Sem-
DPO occasionally prefers stylistic tweaks that do
not always boost semantic alignment. Overall, the
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Figure 4: Head-to-head comparison of Sem-DPO against three baselines (SFT, Base DPO, and Human Input) across
three evaluation metrics. Results averaged across datasets using Qwen 1.5-1.8B.

Method CLIP Jinav4 BLIP-ITM
Human Input 0.2599 0.7740  0.8762
DPO 0.2569 0.7359  0.7104
Sem-DPO  0.2610 0.7739  0.8907
Human Input 0.2600 0.6456  0.8615
DPO 0.2573 0.6293  0.7747
Sem-DPO  0.2714 0.6597 0.9134
Human Input 0.2679 0.6244  0.8682
DPO 0.2465 0.5983  0.7479
Sem-DPO  0.2630 0.6402  0.9507

Table 3: CLIP Score comparisons along with two addi-
tional embedding-based evaluators (Jina v4 and BLIP-
ITM) for the Llama 3.2-1B model. Colors represent dif-
ferent datasets: COCO , DiffusionDB , and Lexica .

chart shows a clear majority-win pattern, confirm-
ing that Sem-DPO is consistently preferred to both
implementation baselines and the original human
prompts across all three evaluation axes.

Embedding Generalization. We test whether
Sem-DPO generalizes beyond the embedding space
used for training. While semantic weights are com-
puted using a frozen CLIP encoder during opti-
mization, we evaluate the resulting images with
three independent text-image matchers: CLIP, Jina
CLIP v4, and BLIP-ITM. This provides an out-of-
distribution check across different embedding fam-
ilies on COCO, DiffusionDB, and Lexica (Llama
3.2-1B prompt optimizer). As shown in Table 3,
Sem-DPO consistently achieves the best semantic
alignment across all evaluators.

Hyperparameter  Analysis. Varying the
semantic-weighting coefficient « reveals a
trade-off between semantic fidelity and preference
alignment (Figure 5). For small values (o« = 1-2),
the exponential weight W, =~ 1, and the loss
behaves like standard DPO, yielding modest gains
in CLIP, HPSv2.1, and PickScore. Increasing « to
4 sharpens the weighting, filtering out semantically
drifting samples while retaining a large effective
batch. This yields the best semantic consistency
(CLIP ~ 0.272) along with strong preference
alignment. At a = 8, further regularization
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Figure 5: Impact of semantic-weighting coefficient
« on alignment metrics using Qwen 1.5-1.8B on the
Lexica dataset. Each point corresponds to a different o
value (shown in labels), tracing the trade-off between
CLIP Score and human-preference metrics: PickScore
(left) and HPS v2.1 (right).

Method Total Preferences
DPO 32
Sem-DPO 148

Table 4: Human preference counts comparing DPO vs.
Sem-DPO on 20 randomly sampled prompts (180 total
pairwise comparisons).

slightly reduces both CLIP (= 0.27) and PickScore
(= 20.20). However, a > 10 over-suppresses
informative gradients, shrinking the batch and
reducing all metrics (« = 15: CLIP ~ 0.266).
Correlation tests support this: CLIP and HPSv2.1
are strongly correlated (r = 0.84, p = 0.034),
while CLIP-PickScore shows weaker correlation
(r = 0.35). In practice, « = 4 is recommended for
optimal performance, but this may depend on the
requirements for semantic fidelity.

5.3 Human Validation

To validate that the semantic alignment improve-
ments measured by CLIP translate to actual human
perceptions, we conducted user studies with 9-57
participants across multiple rounds. For each case,
participants saw the original prompt and two im-
ages generated from prompts optimized with DPO
and Sem-DPO respectively, and selected which
better matched the original prompt. Images were
presented in randomized order, with participants



blinded to the generating method.

Table 4 shows preference counts across 20 ran-
domly sampled test cases (9 participants). Sem-
DPO was preferred in 148 out of 180 pairwise com-
parisons (82.2%). To further validate these results,
we reanalyzed the data using statistical tests appro-
priate for human evaluation in NLP (Schuff et al.,
2023). A per-participant signed-rank test revealed
that all 9/9 participants individually preferred Sem-
DPO on the majority of their judgments, with pref-
erence rates ranging from 70% to 95% (median
80%). A per-prompt test showed that Sem-DPO
was preferred on 18/20 prompts (median preference
rate 89%). An earlier round with 57 participants
and 5 test cases yielded similar results (95.8% pref-
erence for Sem-DPO; see Appendix). These results
strongly validate that prompts optimized with Sem-
DPO have markedly increased semantic fidelity
with respect to the original prompt. Sample test
cases are documented in Appendix Table 10.

6 Discussion

How can Sem-DPO enable more reliable Com-
pound Al Systems? Compound Al systems com-
bine multiple models in pipelines (e.g., prompt
optimizer — image generator). Fine-tuning each
component with DPO is common, but standard
DPO can introduce semantic drift that propagates
downstream. By directly enforcing semantic con-
sistency, Sem-DPO ensures each model remains
faithful to its intended role while aligning to hu-
man preferences. This reliability makes Sem-DPO
particularly valuable for compound systems, where
errors in one stage can cascade across the pipeline.
Can Al-generated preference labels introduce
bias into alignment training? While this concern
is valid, automated preference annotation remains
the only scalable way to realize RLHF- and RLAIF-
style pipelines at the scale needed for modern align-
ment research. In our setup, all compared methods
share the same proxy preferences, ensuring a fair
and controlled comparison. We thus view auto-
mated preference labeling not as a compromise,
but as a necessary step toward scalable alignment.

7 Conclusion

DPO maximizes human preference but leaves se-
mantic drift unchecked, allowing optimized outputs
to deviate from the user’s intent. We introduce Sem-
DPO, which scales the DPO loss by an exponential
weight derived from the distance to the original

input, down-weighting semantically mismatched
pairs while preserving DPO’s simplicity.

Limitations

While Sem-DPO offers significant improvements,
several limitations warrant consideration for future
work. The current implementation relies on a fixed,
pre-trained, external frozen embedding model (e,)
to compute semantic similarity. The choice and
robustness of this embedding model can directly
influence the effectiveness of the semantic weight-
ing. Exploring adaptive or task-specific embed-
ding functions could potentially further enhance
performance. Additionally, the hyperparameter «,
which controls the strength of the semantic weight-
ing, was set to 4 after manual tuning. While this
yielded strong results, the optimal value of o may
vary depending on the dataset characteristics or the
specific task, suggesting a need for more robust hy-
perparameter tuning strategies or automated meth-
ods for its determination. Finally, while Sem-DPO
addresses semantic inconsistency, future research
could address other potential issues in prompt op-
timization, such as stylistic overfitting not directly
tied to semantic drift.

Ethical Considerations

Semantic-DPO’s efficiency may lower the barrier
for malicious or deceptive image generation, so any
deployment should couple it with rigorous content-
safety filters and provenance tools. Because the
semantic weight inherits biases from CLIP em-
beddings and human-preference data, practition-
ers must audit and diversify these sources to avoid
reinforcing stereotypes. Our semantic-drift guar-
antee rests on cosine distance accurately reflecting
meaning, in domains where that proxy fails, human
oversight is required to catch residual errors.
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A Related Works

Preference Alignment. Early alignment research framed the problem as RLHF, where a reward model
trained on pairwise human preferences guides policy optimization with PPO or variants (Bai et al., 2022;
Ouyang et al., 2022). Although effective, RLHF imposes a heavy engineering overhead and a large
on-policy sampling cost. DPO eliminates the explicit reward model by casting alignment as a contrastive
classification problem whose optimal policy is available in closed form (Rafailov et al., 2023), matching
or exceeding RLHF while being simpler and compute-efficient. DPO has demonstrated strong empirical
results in dialogue and instruction tuning tasks, and its simplicity and efficiency have led to its adoption in
various domains (Dong et al., 2024; Yang et al., 2024b; Sun et al., 2024; Lu et al., 2024; Khaki et al., 2024).
Since then, DPO has been developed for multiple specialized axes like domain generalization (Wallace
et al., 2024), contrastive refinements (Xiao et al., 2024; Omura et al., 2024), and theoretical analyses (Park
et al., 2024).

Regularization. Recent work introduces explicit regularizers to the DPO loss to restrain over-confident
or reward-hacking behaviours. Entropy-based penalties adjust the exploration—exploitation balance
during fine-tuning (Omura et al., 2024), while calibrated objectives match the scale of ground-truth
rewards (Xiao et al., 2024). Feature-level constraints restrict updates to sparse or disentangled subspaces
to preserve fluency (Yin et al., 2024), and game-theoretic self-play adds adversarial robustness (Tang et al.,
2025). Recent efforts edge toward semantic regularization, DPO-Kernels couples probability-space losses
with embedding-space kernels (Das et al., 2025), DSPO injects instance-level semantic guidance for
real-image super-resolution (Cai et al., 2025), and Hallucination-Aware DPO penalises vision-language
mismatch (Zhao et al., 2023). Many existing regularization techniques are tailored to specific modalities
or require additional annotation, limiting their scalability and general applicability (Shekhar et al., 2024;
Jinnai and Honda, 2024). Further re-weighting schemes such as Weighted-PO adjust gradients according
to preference margins alone, leaving semantic drift unaddressed (Zhou et al., 2024a). Therefore, existing
regularizers either treat semantics as a post-hoc filter or rely on ad-hoc domain heuristics and none
integrate semantic consistency directly into the core preference loss or offer guarantees against prompt-

level drift.

B Additional Model Evaluation

Tables 5 & 6 give the complete metric values for every language model and dataset pair. Tables 5 and 7
(Qwen 1.5-1.8 B, Qwen 3-0.6b, Qwen 3-1.7b and Llama 3.2-1b) show Sem-DPO topping across all three
metrics for all the datasets. Table 6 (GPT-2) repeats the pattern, with Sem-DPO reclaiming the lead even
against specialized prompt-engineering baselines. These full numbers support the main-text claim that
Sem-DPO yields state-of-the-art preference and alignment across models and domains.



Method Metrics |

CLIP Score HPS v2.1 PickScore Avg. Score
Human Input 0.2599 0.2572 21.4127 0.786
SFT 0.2359 0.2247 20.5758 0.000
DPO 0.2559 0.2498 21.0490 0.572
KTO 0.2539 0.2361 20.8834 0.403
[-DPO 0.2611 0.2478 21.1933 0.671
ORPO 0.2534 0.2416 20.9463 0.453
Sem-DPO 0.2618 0.2749 21.6433 1.000
Human Input 0.2600 0.2171 19.7258 0.595
SFT 0.2368 0.2140 19.5800 0.112
DPO 0.2476 0.2162 19.6595 0.368
KTO 0.2522 0.2106 19.5243 0.197
-DPO 0.2501 0.222 19.7626 0.599
ORPO 0.2446 0.2215 19.6836 0.439
Sem-DPO 0.2629 0.2314 19.8464 1.000
Human Input 0.2679 0.2224 20.0578 0.424
SFT 0.2417 0.2174 20.0973 0.111
DPO 0.2553 0.2232 20.1131 0.371
KTO 0.2603 0.2196 20.0036 0.233
B-DPO 0.2515 0.2229 20.1429 0.361
ORPO 0.2497 0.2203 20.1226 0.274
Sem-DPO 0.2734 0.2371 20.2857 1.000

Table 5: Comparison of prompt optimization methods and variants of DPO with the qwen 1.5-1.8b model in
Text-to-Image Generation across different metrics. Colors represent different datasets: COCO , DiffusionDB , and
Lexica . The average score is calculated with all scores normalized into the range [0,1]. The highest-performing
optimization is bolded.

Metrics
Method CLIP Score HPS v2.1 PickScore Avg. Score ‘
Human Input 0.2599 0.2572 21.4127 0.950
SFT 0.2279 0.2200 20.3911 0.000
Beautiful Prompt 0.2287 0.2275 20.4893 0.105
Promptist 0.2512 0.2372 21.0774 0.587
DPO 0.2403 0.2306 20.5972 0.274
KTO 0.2538 0.2282 20.6063 0.381
B-DPO 0.2473 0.2367 20.9107 0.493
ORPO 0.2504 0.2408 20.9403 0.567
Sem-DPO 0.2639 0.2581 21.4289 1.000
Human Input 0.2600 0.2171 19.7258 0.867
SFT 0.2080 0.2035 19.2212 0.024
Beautiful Prompt 0.2175 0.2210 19.6115 0.601
Promptist 0.2436 0.2192 19.8338 0.862
DPO 0.2427 0.2171 19.6598 0.725
KTO 0.2468 0.2021 19.4863 0.398
5-DPO 0.2436 0.2081 19.6539 0.572
ORPO 0.2526 0.2214 19.7766 0.928
Sem-DPO 0.2531 0.2181 19.7519 0.860
Human Input 0.2679 0.2224 20.0578 0.844
SFT 0.2213 0.2081 19.7741 0.024
Beautiful Prompt 0.2280 0.2240 20.0134 0.554
Promptist 0.2528 0.2230 20.2028 0.860
DPO 0.2417 0.2161 20.0635 0.544
KTO 0.2538 0.2068 19.9086 0.337
-DPO 0.2450 0.2128 20.0942 0.530
ORPO 0.2544 0.2220 20.1853 0.84
Sem-DPO 0.2604 0.2247 20.1341 0.893

Table 6: Comparison of prompt optimization methods and variants of DPO with the GPT-2 model in Text-to-Image
Generation across different metrics. Colors represent different datasets: COCO , DiffusionDB , and Lexica . The
average score is calculated with all scores normalized into the range [0,1]. The highest-performing optimization is
bolded.



Metrics

l

Method  —11pScore HPSv2.I  PickScore  Avg. Score
Human Input 0.2599 0.2572 21.4127 0.874
SFT 0.2483 02384 20.6495 0.112
DPO 0.2569 02522 20.9886 0.577
KTO 0.2558 02569 212431 0.714
3-DPO 0.2588 02494  20.8701 0.534
ORPO 0.2445 0235 207622 0.049
Sem-DPO 0.261 02672 21.4047 0.997
Fuman Toput_0.2600 02071 19.7258 0278
SFT 0.2532 02213 19.546 0.086
DPO 0.2573 02387  19.7881 0.560
KTO 0.2620 02324 19.666 0.469
3-DPO 0.2572 02261 195188 0.193
ORPO 0.2524 0227  19.6828 0.249
Sem-DPO 0.2714 02447  19.9409 1.000
Human Input _ 0.2679 02224 200578 0.503
SFT 0.2434 02204  19.942 0.074
DPO 0.2465 02318 19.969 0.315
KTO 0.2604 02264  19.9888 0.428
3-DPO 0.2489 02234 19.8077 0.123
ORPO 0.2459 02214 200824 0.201
Sem-DPO 0.2630 02411  20.4131 0.933

Table 7: Comparison of prompt optimization methods and variants of DPO with the llama 3.2-1B model in
Text-to-Image Generation across different metrics. Colors represent different datasets: COCO , DiffusionDB , and

Lexica . The average score is calculated with all scores normalized into the range [0,1]. The highest-performing

optimization is bolded.

Metrics |
Method CLIP Score HPS  PickScore Avg. Score
Human Input 0.2626 0.2322 20.3987 0.8094
SFT 0.2284 0.2149 19.7858 0.000
DPO 0.2602 0.2340 20.3285 0.7782
Sem-DPO (Ours) 0.2688 0.2404  20.4653 1.000

Table 8: Comparison of CLIP Score, HPS, and PickScore on Qwen3-0.6B used as a prompt-optimization model.
Sem-DPO achieves the highest overall average score (calculated with scores normalized into [0, 1]), demonstrating
stronger alignment with human preferences while preserving semantic relevance. Results are averaged across the
three benchmarks (DiffusionDB, Lexica, and COCO).

Metrics |
Method CLIP Score  HPS  PickScore Avg. Score
Human Input 0.2626 02322 20.3987 0.9027
SFT 0.2124 0.2086 19.5343 0.000
DPO 0.2563 0.2300  20.1695 0.7512
Sem-DPO (Ours) 0.2686 0.2376  20.3975 0.9995

Table 9: Comparison of CLIP Score, HPS, and PickScore on Qwen3-1.7B used as a prompt-optimization model.
Sem-DPO achieves the highest overall average score (calculated with scores normalized into [0, 1]), demonstrating
stronger alignment with human preferences while preserving semantic relevance. Results are averaged across the
three benchmarks (DiffusionDB, Lexica, and COCO).



DPO Sem-DPO

Prompt: cybernetic grey werewolf with power armor.

Prompt: brown bear drinking water from a tap.

Prompt: Cinematic beautiful jungle tree house.

Table 10: Side-by-side generations from the same original prompt, comparing DPO vs. Sem-DPO.



Table 10 illustrates qualitative differences in image generations using DPO optimized prompts versus
Sem-DPO optimized prompts, showcasing a substantial increase in semantic alignment with the original
prompt.
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Figure 6: Semantic-preference landscape of prompt-optimization methods across models and datasets. Scatter
plots chart CLIP Score against human preference (HPSv2.1 and PickScore) on three datasets with Qwen 1.5-1.8b
(top), GPT-2 (middle), and Llama 3.2-1b (bottom) generators. Points closer to the upper-right indicate prompts
excelling in both metrics. Sem-DPO generally shows a stronger performance across models and datasets.

C Human Validation

A previous round of human validation was also conducted, with 57 participants and 5 test cases. The
results are shown in table 11, with a 95.8% preference for Sem-DPO across data points.

D Sem-DPO vs. Additive Instruction-Following Rewards

A natural alternative to Sem-DPO is to add an explicit instruction-following (text-fidelity) reward to the
optimization objective similar to VisionReward (Xu et al., 2024a). Our work is fundamentally different
in where it intervenes in the text-to-image pipeline and which source of semantic drift it targets. In our
setting, generation proceeds as a pipeline + — y — I(y), where a prompt optimizer maps the user
instruction z to an optimized prompt y, and a fixed text-to-image generator produces an image I(y).
Under the metric formulation used in Proposition 2, the end-to-end text—image drift can be decomposed



Method Total Preferences

DPO 12
Sem-DPO 273

Table 11: Human preference counts across 5 test prompts (n=57 participants per prompt). Participants selected
which image better matched the original prompt

Dataset Method CLIP Score HPSv2 PickScore
COCo Sem-DPO (Ours) 0.2618 0.2749 21.6433
Additive Reward (VisionReward) — 0.2484 (—5.1%)  0.2482 (—9.7%) 21.0414 (—2.8%)
DiffusionDB Sem-DPO (Ours) 0.2629 0.2314 19.8464
’ Additive Reward (VisionReward)  0.2481 (—5.6%)  0.2264 (—2.2%) 19.8764 (4+0.2%)
Lexi Sem-DPO (Ours) 0.2734 0.2371 20.2857
exica

Additive Reward (VisionReward)  0.2456 (—10.2%) 0.2264 (—4.5%) 20.2063 (—0.4%)

Table 12: Comparison between Sem-DPO and an additive instruction-following baseline that adds VisionReward’s
text-fidelity score as an extra reward term. Percentages (in parentheses) report the relative change of the additive
baseline compared to Sem-DPO for each metric.

into (i) a prompt-level drift term measuring how far y moves away from z in embedding space, and
(i1) a generator-level consistency term capturing how faithfully the generator follows a given prompt.
Reward-model-based instruction-following signals (including text-fidelity dimensions) primarily operate
at the image level by encouraging I (y) to match y (and to satisfy other axes such as aesthetics/realism).
In contrast, Sem-DPO explicitly controls the prompzt-level drift by reweighting preference pairs according
to the semantic distance between the original instruction x and the preferred optimized prompt v, thereby
discouraging updates that improve reward at the cost of drifting away from the user intent.

To empirically test whether Sem-DPO reduces to simply adding an instruction-following reward, we
construct an Additive Reward (VisionReward-based) baseline that treats VisionReward’s text-fidelity
score as an additional instruction-following reward component. Concretely, we keep the same preference
signal as our main setup (e.g., ImageReward) and add VisionReward’s text-fidelity score as an extra
scalar term (with a single normalization coefficient) inside the training objective, while keeping the data,
backbone (Qwen-1.5-1.8B), and the underlying text-to-image generator fixed. Table 12 compares this
baseline against Sem-DPO on three benchmarks using CLIP Score, HPSv2, and PickScore. Across all
datasets, Sem-DPO yields stronger semantic alighment (CLIP) and comparable or better preference metrics
(HPSv2/PickScore), indicating that semantics-aware weighting provides a more favorable preference—
semantics trade-off than simply adding a text-fidelity reward term.

These results also clarify the scope of our contribution relative to VisionReward-style methods. Vision-
Reward’s primary novelty lies in reward-model design (a multi-dimensional visual reward) and its use for
aligning image/video generators at the image level. Our contribution is complementary: we assume a
fixed reward model is already available and show that DPO-style prompt optimization can still induce
prompt-level semantic drift even under strong rewards that include instruction-following components.
Sem-DPO addresses this failure mode by integrating semantic information as pairwise importance weights
in DPO, behaving like a soft constraint on drift: heavily drifted prompts are strongly downweighted
regardless of how rewarding they may be on other axes.

E Training Details

Training and Experimental Details. Completing this end-to-end workflow required approximately 26
hours on a single NVIDIA RTX 4090 GPU. Model fine-tuning (both DPO and Sem-DPO) was carried out
on a single NVIDIA A100 GPU, with the DPO baseline requiring about 1 hour and Sem-DPO only ten
minutes longer.

Training Configuration. All models were trained with a batch size of 8, learning rate of 5e-6, and fine-
tuned for one epoch. Training was performed on a single NVIDIA A100 GPU, requiring approximately 1
hour for DPO and 70 minutes for Sem-DPO. The semantic weighting parameter o was set to 4 based on



validation performance (see Section 5.2 for ablation analysis).

Notation. We use 3 for the DPO temperature parameter, Z(x) for the partition function, o(-) for the
logistic sigmoid, £(-) for the loss term, e(-) for the embedding function, and I(-) for the text-to-image
generator.

Experimental Details. Our experiments utilize the Stable Diffusion v1.4 text-to-image model. To
expedite the image sampling process, we employ the Denoising Diffusion Implicit Models scheduler(Song
et al., 2020). The number of denoising steps was set to 20 for all image generation tasks. For both DPO
and Sem-DPO, the 3 parameter was set to 0.05. For Sem-DPO, the semantic weighting parameter « was
set to 4 after manual tuning (see Appendix for more details).



