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Abstract

Precise alignment in Text-to-Image (T2I) sys-
tems is crucial to ensure that generated visuals
not only accurately encapsulate user intents but
also conform to stringent ethical and aesthetic
benchmarks. Incidents like the Google Gemini
fiasco, where misaligned outputs triggered sig-
nificant public backlash, underscore the critical
need for robust alignment mechanisms. In con-
trast, Large Language Models (LLMs) have
achieved notable success in alignment. Build-
ing on these advancements, researchers are ea-
ger to apply similar alignment techniques, such
as Direct Preference Optimization (DPO), to
T2I systems to enhance image generation fi-
delity and reliability.

We present YinYangAlign, an advanced bench-
marking framework that systematically quanti-
fies the alignment fidelity of T2I systems, ad-
dressing six fundamental and inherently con-
tradictory design objectives. Each pair rep-
resents fundamental tensions in image gen-
eration, such as balancing adherence to user
prompts with creative modifications or main-
taining diversity alongside visual coherence.
YinYangAlign includes detailed axiom datasets
featuring human prompts, aligned (chosen) re-
sponses, misaligned (rejected) AI-generated
outputs, and explanations of the underlying
contradictions.

In addition to presenting this benchmark, we in-
troduce Contradictory Alignment Optimiza-
tion (CAO), a novel extension of DPO. The
CAO framework incorporates a per-axiom loss
design to explicitly model and address compet-
ing objectives. Then it optimizes these objec-
tives using multi-objective optimization tech-
niques, including synergy-driven global pref-
erences, axiom-specific regularization, and the
novel synergy Jacobian for effectively balanc-
ing contradictory goals. By utilizing tools such
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Faithfulness
to Prompt

vs.
Artistic Freedom

Core Conflict: Adhering to user instructions
while minimizing creative deviations that

could alter the original intent.

Emotional
Impact

vs.
Neutrality

Core Conflict: Striking a balance between
evoking specific emotions and maintaining

an unbiased, objective representation.

Visual
Realism

vs.
Artistic Freedom

Core Conflict: Create photorealistic images
mimicking real-world visuals, incorporating

artistic styles like impressionism or surrealism
only when requested.

Originality
vs.

Referentiality

Core Conflict: Maintain stylistic originality
while avoiding over-reliance on established

artistic styles that risks style plagiarism.

Verifiability
vs.

Artistic Freedom

Core Conflict: Balancing factual accuracy
against creative freedom to minimize

misinformation.

Cultural
Sensitivity

vs.
Artistic Freedom

Core Conflict: Respecting cultural representations
while ensuring creative liberties do not

lead to insensitivity or misrepresentation.

Figure 1: The figure illustrates six core trade-offs (e.g.,
Faithfulness vs. Freedom, Emotional Impact vs. Neu-
trality), highlighting key conflicts and their implica-
tions.

as the Sinkhorn-regularized Wasserstein Dis-
tance, CAO achieves both stability and scal-
ability while setting new performance bench-
marks across all six contradictory alignment
objectives.

1 Why and How T2I Models Must Be
Aligned?

The alignment of T2I models is essential to en-
sure that generated visuals faithfully represent user
intentions while adhering to ethical and aesthetic
standards. This necessity is underscored by pro-
jections from EUROPOL, which estimate that by
the end of 2026, approximately 90% of web con-
tent will be generated by AI (EUROPOL, 2023).
The widespread use of AI-generated content under-
scores the need for robust alignment mechanisms
to prevent misleading, biased, or unethical visu-
als. The recent announcement by social media



Figure 2: Illustrative examples of all six contradictory alignment axioms, with each row highlighting speci�c
trade-offs between competing objectives (e.g.,Faithfulness to Prompt vs. Artistic Freedom, Emotional Impact
vs. Neutrality). Chosen and rejected outputs demonstrate the inherent tensions during text-to-image generation,
underscoring the need for a multi-objective optimization framework. Examples ofOriginality vs. Referentialityare
inspired by recent copyright disputes reviewed by the U.S. Copyright Of�ce. TheVeri�ability vs. Artistic Freedom
case re�ects incidents like the dissemination of a fake Pentagon explosion image by `veri�ed' Twitter accounts,
causing confusion (CNN report). To mitigate misinformation caused harm, the system should avoid unveri�able
content or produce subdued visuals when necessary. Lastly, the Google Gemini �asco underscores the need for
Cultural Sensitivity in T2I systems, inspiring ourCultural Sensitivity vs. Artistic Freedomexample. cf Fig. 12
depicts controls and Fig. 13 and Fig. 14 resultant genrations with varied control on generations.

plarforms (Kaplan, 2025) to remove all third-party
fact-checking tools and adopt a more laissez-faire
approach has sparked concerns about a potential
misinformation apocalypse. This shift not only am-
pli�es the risk of unchecked falsehoods spreading
across the platform but also places greater respon-
sibility on AI systems to manage and mitigate the
�ow of misleading content.

Alignment has been a vibrant area of research
in Large Language Models (LLMs), with substan-
tial progress achieved. Techniques like Reinforce-
ment Learning from Human Feedback (RLHF)
(Christiano et al., 2017) and Direct Preference
Optimization (DPO) (Ouyang et al., 2022) have
been instrumental in enabling LLMs to generate
responses that are both ethically sound and contex-

tually appropriate. Moreover, several benchmarks
(Bai et al., 2022; Wang et al., 2023; Zheng et al.,
2023; Chiang et al., 2024; Dubois et al., 2024;
Lightman et al., 2023; Cui et al., 2024; Zhu et al.,
2023; Lv et al., 2023; Daniele and Suphavadeepra-
sit, 2023a,b; Guo et al., 2022) have been developed
to comprehensively evaluate alignment dimensions
such as accuracy, safety, reasoning, and instruction-
following.

In contrast, alignment research for multimodal
systems, especially T2I models, remains nascent
with limited studies (Yoon et al., 2024; Wallace
et al., 2023; Lee et al., 2023; Yarom et al., 2023).
The �eld lacks large-scale benchmarks and diverse
alignment axioms, hindering holistic evaluation
and optimization of T2I systems.



Figure 3: Illustrative example of aligning T2I models with Faithfulness to Prompt vs. Artistic Freedom. The
chosen outputs adhere closely to the prompt, depicting a highly detailed and accurate portrait of Albert Einstein in a
realistic oil painting style, while the rejected outputs deviate signi�cantly, introducing surreal or unrelated elements.
This highlights the importance of balancing prompt adherence with artistic �exibility in alignment optimization.

2 YinYangAlign: Six Contradictory
Alignment Objectives

Current research and benchmarking in T2I align-
ment primarily focus on isolated objectives (Guo
et al., 2022), such as �delity to prompts (Ramesh
et al., 2021), aesthetic quality (Rombach et al.,
2022), or bias mitigation (Zhao et al., 2023), of-
ten treating these goals independently. However,
there is a clear gap in benchmarks that evaluate
how T2I systems balance multiple, often contradic-
tory objectives. The lack of multi-objective bench-
marks restricts the ability to holistically assess and
improve T2I alignment, ultimately affecting their
reliability and effectiveness in practical scenarios.

Selection of Six Contradictory Objectives:
YinYangAlign introduces six carefully selected
pairs of contradictory objectives that capture the
fundamental tensions in T2I image generation.
These pairs are chosen for their relevance and sig-
ni�cance in real-world applications. Fig. 1 intro-
duces the core trade-offs central to the YinYan-
gAlign framework, each representing a critical con-
�ict that T2I systems must navigate to balance user
expectations and ethical considerations. The trade-
offs include:Faithfulness to Prompt vs. Artistic
Freedom, which involves adhering to user instruc-
tions while minimizing creative deviations;Emo-
tional Impact vs. Neutrality, requiring a balance
between evoking emotions and maintaining objec-
tive representation; andVisual Realism vs. Artistic
Freedom, focusing on achieving photorealistic out-
puts without compromising artistic liberties. Ad-
ditionally, Originality vs. Referentialityaddresses
the challenge of fostering stylistic innovation while
avoiding reliance on established artistic styles to
ensure uniqueness.Veri�ability vs. Artistic Free-
domemphasizes balancing factual accuracy with
creative liberties to minimize misinformation. Fi-

nally, Cultural Sensitivity vs. Artistic Freedom
underscores the need to respect cultural representa-
tions while ensuring that creative freedoms do not
lead to misrepresentation or insensitivity. Fig. 2
provides illustrative examples of these alignment
axioms.

YinYangAlign serves as a holistic benchmark
for evaluating alignment performance, ensuring
that T2I models are not only accurate and reliable
but also adaptable, ethical, and capable of meeting
complex user demands and societal expectations.

3 YinYangAlign: Dataset and Annotation

The development of YinYangAlign employs a care-
fully designed annotation pipeline to enable a com-
prehensive evaluation of T2I systems. To over-
come the inherent stochasticity of T2I models and
the subjective complexities of visual alignment,
we propose a hybrid annotation pipeline. This
pipeline leverages advanced vision-language mod-
els (VLMs) for automated identi�cation of mis-
alignments, augmented by meticulous human val-
idation to ensure scalability and reliability. This
hybrid strategy ensures scalability while maintain-
ing high annotation reliability, resulting in a robust
and reliable benchmark. The subsequent sections
outline the models, data sources, and annotation
methodology utilized in the creation of YinYan-
gAlign.

T2I Models Utilized: For our data creation, we
utilize state-of-the-art T2I models such as Stable
Diffusion XL (Podell et al., 2023), and Midjourney
6 (Midjourney, 2024).

Prompt Sources: To construct the YinYang
dataset, we strategically selected diverse datasets to
cover the six contradictory alignment axioms. For
the �rst three axioms—Faithfulness to Prompt vs.
Artistic Freedom, Emotional Impact vs. Neutrality,
andVisual Realism vs. Artistic Freedom—we uti-



lized the MS COCO dataset (Lin et al., 2014). The
Originality vs. Referentialityaxiom drew upon
Google's Conceptual Captions dataset (Sharma
et al., 2018), while theVeri�ability vs. Artis-
tic Freedomaxiom relied on the FACTIFY 3M
dataset (Chakraborty et al., 2023). Finally, for
Cultural Sensitivity vs. Artistic Freedom, we em-
ployed the Facebook Hate Meme Challenge (Kiela
et al., 2020) and Memotion datasets (Sharma et al.,
2020), with careful �ltering to ensure inclusion of
culturally sensitive data points.

3.1 Annotation Pipeline

Annotation process involves the following steps:

1. Multiple Outputs per Prompt: To account for
the stochastic nature of T2I systems, we gener-
ate 10 distinct outputs for each prompt to capture
the variability in the generated visuals. Fig. 3
illustrates an example of how the same prompt
can produce diverse images due to this inherent
randomness.

2. Automated Annotation Using VLMs: We em-
ploy two VLMs: GPT-4o (OpenAI, 2023) and
LLaVA (Liu et al., 2023), to annotate the gen-
erated images. The annotation is guided by the
following prompt. See more examples of prompts
in Appendix B.

Faithfulness to Prompt vs . Art ist ic
Freedom and Given the textual
descript ion (prompt )

and an image , evaluate the al ignment of
the image .

Instruct ions :
1. Faithfulness to Prompt : Evaluate how

well the image adheres to the user ' s
prompt .

2. Art ist ic Freedom: Assess if the image
introduces creative or art ist ic

elements
that deviate from , enhance , or

reinterpret the original prompt .
3. Identi fy if art ist ic freedom

signif icant ly compromises
faithfulness to the prompt .

Output Format : Faithfulness Score (1 -5) ,
Art ist ic Freedom Score (1 -5) ,

Observations (Text ) .

3. Consensus Filtering:To improve annotation re-
liability, we utilized LLaVA-Critic (Xiong et al.,
2024) and Prometheus-Vision (Lee et al., 2024),
for independently scoring of each generated im-
age. Since these models are �ne-tuned on point-
wise and/or pairwise ranking data, they are spe-

cialized for grading tasks. This �ne-tuning en-
ables them to consistently and effectively assess
the quality and relevance of generated content.
Images were selected for human veri�cation only
when both VLMs produced consistent annotations,
speci�cally when the scores for a given axiom
were� 3. This approach ensured higher con�-
dence in the automated annotation process before
proceeding to manual review.

4. Human Veri�cation: Ten human annotators eval-
uated approximately 50,000 images �agged by
the VLMs. To measure inter-annotator agree-
ment, a subset of 5,000 images was annotated
by all 10 annotators, achieving a kappa score of
0.83, demonstrating high consistency and reliabil-
ity in the annotation process. During the manual
review, approximately 10,000 images were dis-
carded due to quality issues, resulting in the �nal
YinYangAlign benchmark consisting of 40,000
high-quality images. Fig. 4 presents the kappa
scores comparing agreement levels between hu-
man annotators and machine (VLM) evaluations
across six contradictory alignment axioms, high-
lighting areas of alignment and divergence. The
entire annotation process, including model-based
tagging and human veri�cation, spanned 11 weeks.
cf Appendix B.

4 Contradictory Alignment Optimization
(CAO)

TheYinYangAlign framework, models the chal-
lenge of balancinginherently contradictoryobjec-
tives. For example, prioritizingFaithfulness to
Promptcan limitArtistic Freedom, while empha-
sizingEmotional Impactmay erodeNeutrality. To
address these tensions, we introduceContradic-
tory Alignment Optimization (CAO) , which em-
ploys aper-axiomloss design to explicitly model
competing goals. CAO employs a dynamic weight-
ing mechanism to prioritize sub-objectives within
each axiom, facilitating granular control over trade-
offs and enabling adaptive optimization across di-
verse alignment paradigms. Additionally, CAO
integratesPareto optimalityprinciples with the
Bradley-Terrypreference framework, introducing
a novelglobal synergymechanism that uni�es all
contradictory objectives into a cohesive optimiza-
tion strategy. This unique combination of multi-
objective synergy de�nes the core innovation of



Figure 4:Annotation Agreement Heatmap: The VLM column represents the kappa score indicating the average
agreement between GPT-4o and LLaVA across all axioms. Columns (H1–H10) correspond to the kappa scores
measuring the agreement between each speci�c human annotator and the consolidated VLM annotations. Higher
scores (darker blue) signify stronger agreement, while lower scores (lighter shades) highlight areas of disagreement.

CAO, distinguishing it from existing T2I alignment
methods.

4.1 Axiom-Wise Loss Expansion and Synergy

Local Axiom-Wise Loss : Below, we illustrate
how each axiom's loss is de�ned, before show-
ing how these losses connect into a global syn-
ergy framework. For each axioma, CAO de�nes
a loss functionf a(I ) that blends two competing
sub-objectives,L p(I ) andL q(I ), via a mixing pa-
rameter� a:

f a(I ) = � a L p(I ) + (1 � � a) L q(I ):

For example,L p(I ) might emphasizefaithfulness
to prompt, while L q(I ) favorsartistic freedom, or
any other pair of con�icting objectives. Varying� a

adjusts the per-axiom balance according to domain
or policy needs.

• Faithfulness to Prompt vs. Artistic Freedom

f faith_artistic(I ) = � 1 � L faith + (1 � � 1 ) � L artistic

• Emotional Impact vs. Neutrality

f emotion_neutrality(I ) = � 2 � L emotion+ (1 � � 2 ) � L neutrality

• Visual Realism vs. Artistic Freedom

f visual_style(I ) = � 3 � L realism+ (1 � � 3 ) � L artistic

• Originality vs. Referentiality

f originality_referentiality(I ) = � 4 � L originality + (1 � � 4 ) � L referentiality

• Veri�ability vs. Artistic Freedom

f veri�ability_creative(I ) = � 5 � L veri�ability + (1 � � 5 ) � L artistic

• Cultural Sensitivity vs. Artistic Freedom

f cultural_artistic(I ) = � 6 � L cultural + (1 � � 6 ) � L artistic

The resulting loss surfaces and their correspond-
ing sweet spots, where competing objectives are in
harmony, are visualized in Fig. 5.

Multi-Objective Aggregator and Pareto Fron-
tiers: Although f a(I ) provides local control
over each axioma, reconciling multiple axioms
at once requires aglobal view. We thus de�ne a
multi-objective synergy function:

S(I ) =
AX

a=1

! a f a(I );

where thef ! ag are global coef�cients re�ecting
the relative priority of each axiom. By varying
these synergy weights, we trace out a Pareto fron-
tier (Miettinen, 1999; Yang et al., 2021; Lin et al.,
2023) in the T2I objective space, clarifying how
small concessions in one axiom can yield major
gains in another.

Interpretation and Importance. In multi-
objective optimization, thePareto frontieris the
set of all solutions where improving any one ob-
jective strictly worsens at least one other (?Zhou
et al., 2022). By tuningf ! ag, we systematically
explore these tradeoffs, �nding, for example, that
a slight drop invisual realismcould allow for no-
tably higherstylistic freedom. Such multi-objective
approaches have been central inmulti-task learn-
ing (Ma et al., 2020; Navon et al., 2022; Yu et al.,
2020) andmodular/decomposed learning(Lieben-
wein et al., 2021; Lin et al., 2022), ensuring trans-
parent control over each tension point (e.g., veri-
�ability vs. creativity) and easy adaptation to new
constraints. cf Appendix C.



Figure 5: Visualization of error loss surface tension for six axiom pairs in YinYang alignment. Each pair highlights
the inherent trade-offs betweencompeting objectivesusing a 3D surface plot (left) and a 2D contour plot (right).
Blue regions represent synergy (low tension), red regions indicate con�ict (high tension), while Green markers
highlight "sweet spots" where the tension is minimal. The �rst axiom pair,Faithfulness to Prompt vs. Artistic
Freedom, shows sweet spots centered around moderate values, suggesting balanced trade-offs. ForEmotional
Impact vs. Neutrality, sweet spots are sparse, re�ecting the dif�culty in balancing emotional engagement and
neutrality. The axiom pairVisual Realism vs. Artistic Freedomshows distributed sweet spots, indicating achievable
trade-offs between realism and creative freedom. InOriginality vs. Referentiality, sweet spots are concentrated,
emphasizing the challenge of balancing uniqueness and references. The pairVeri�ability vs. Artistic Freedom
has central sweet spots, suggesting harmony between factual accuracy and creative expression. Lastly,Cultural
Sensitivity vs. Artistic Freedomshows fewer sweet spots, re�ecting the complexity of respecting cultural norms
while granting artistic liberties. This visualization underscores the inherent trade-offs in T2I systems and identi�es
potential areas of optimization for aligning competing objectives.

4.2 Connecting Synergy to Pairwise
Preference

To fully implement bothlocal axiom-wise guid-
ance andglobal synergy-based tradeoffs, we inte-
grate the synergy function into the DPO framework.
Concretely, eachf a(I ) enters a Bradley-Terry style
preference:

Pa
ij =

exp(f a(I i ))
exp(f a(I i )) + exp( f a(I j ))

;

ensuring local interpretability for each axiom.
Meanwhile, acombined preferenceoverS(I ) ex-
presses the global tradeoff:

PS
ij =

exp(S(I i ))
exp(S(I i )) + exp( S(I j ))

:

A hyperparameter� then balances how much this
global synergyaffects the �nal optimization vs.
how much weight is given tolocal per-axiom pref-
erences:

L CAO = �
AX

a=1

X

(i;j )

log(Pa
ij ) + �

X

(i;j )

h
� log(PS

ij )
i
:

4.3 Uni�ed CAO Loss

We can consolidate the local and global prefer-
ences into a single loss function. One straightfor-



ward approach is:

L CAO = �
6X

a=1

X

(i;j )

log(Pa
ij )

| {z }
L local

+ �

2

4�
X

(i;j )

log(PS
ij )

3

5

| {z }
L synergy

:

Local Terms (L local). Each axioma retains in-
terpretability and ensures the model handlesfaith-
fulness vs. artistry, emotional impact vs. neutrality,
and so on, at a granular level.

Global Term (L synergy). This enforces coordi-
nated tradeoffs by encouraging consistency with
the aggregatorS(I ). A larger� implies stronger
synergy constraints and places more emphasis on
global equilibrium across axioms, while a smaller
� prioritizes local alignment objectives.

Why Keep Both Local and Global?

• Local Preferences(Pa
ij ) show how the model

balances each contradictory pair (e.g., “Did we
favor faithfulness over artistry?”), preserving
interpretability at the axiom level.

• Global Preference(PS
ij ) ensures the T2I model,

as a whole, follows the overarching synergy
pro�le, capturingall tensions in unison.

Hence,� “dials in” how much to respect the over-
all synergy aggregator vs. each per-axiom prefer-
ence.

4.4 Axiom-Speci�c Regularization in CAO

To stabilize the optimization and prevent over�t-
ting to any single objective, CAO also provides a
regularization term for each axiom:

L CAO =
6X

a=1

h
f a(I ) + � a R a

i
;

where� a scales the in�uence of the regularizer
R a. While KL-divergence is a common choice, it
can be unstable in high-dimensional T2I scenarios;
Wasserstein Distance(Arjovsky et al., 2017) or
Sinkhorn regularization(Cuturi, 2013) typically
offer more robust optimization. cf Appendix H
for the rationale behind Wasserstein Distance and
Sinkhorn Regularization.

4.5 Putting It All Together: Final CAO
Formulation

Bringing together the synergy function, local
Bradley-Terry preferences, and axiom-speci�c reg-
ularization leads to the �nal CAO objective:

L CAO = �
AX

a=1

X

(i;j )

log(Pa
ij )

| {z }
Local Axiom Preferences

� �
X

(i;j )

log(PS
ij )

| {z }
Global Synergy Preference

+
AX

a=1

� a R a:

Role of the Synergy Jacobian(JS) : The Syn-
ergy JacobianJS is a vital component in managing
gradient interactionsacross multiple axioms dur-
ing training. While the regularization parameter�
balances local and global objectives,JS quanti�es
how updates to model parameters for one axiom
impact the alignment of others. Mathematically,
JS is de�ned as:

JS =
@S(I )

@�
;

whereS(I ) represents the synergy aggregator that
measures overall alignment,I denotes the input,
and� are the model parameters. This Jacobian pro-
vides a structured view of the interdependencies
among axioms, capturing how con�icting objec-
tives in�uence each other (Navon et al., 2022; Yu
et al., 2020).

Intuition and Practical Role: During training,
gradients for individual axioms often con�ict, re-
sulting in updates that disproportionately favor one
objective at the expense of others. The Synergy
Jacobian addresses this issue by scaling or adjust-
ing gradients based on their interactions with the
synergy aggregatorS(I ). Speci�cally:

• Gradients that align well with improving overall
synergy are preserved to maintain their positive
contribution.

• Gradients that disproportionately bene�t a single
axiom while adversely affecting others are scaled
back to ensure balance across objectives.

The parameter update during training can be
expressed as:

� � = � � rL � � � JS;

whererL is the standard gradient of the loss,� is
the learning rate, and� is a scaling factor control-
ling the in�uence of the Synergy Jacobian. This



(A) Local Axiom Preferences
L local = �

hX

( i;j )

log(P faith_artistic
ij ) +

X

( i;j )

log(P emotion_neutrality
ij ) +

X

( i;j )

log(P visual_style
ij ) +

X

( i;j )

log(P originality_referentiality
ij ) +

X

( i;j )

log(P veri�ability_creative
ij ) +

X

( i;j )

log(P cultural_artistic
ij )

i
:

Here, each term is a negative log-likelihood overP a
ij =

exp( f a ( I i ) )
exp( f a ( I i ) )+exp ( f a ( I j ) )

for axioma.

(B) Global Synergy Preference

L synergy =
X

( i;j )

log
� exp

�
! 1 f faithArtistic(I i ) + : : : + ! 6 f culturalArtistic(I i )

�

exp
�

! 1 f faithArtistic(I i ) + : : : + ! 6 f culturalArtistic(I i )
�

+ exp
�

! 1 f faithArtistic(I j ) + : : : + ! 6 f culturalArtistic(I j )
�

�
:

This term encodes the preference forS(I ) =
P 6

a=1 ! a f a (I ).

(C) Axiom-Speci�c Regularizers

6X

a=1

� a R a = � 1

Z

X

Z

X
kx � yk Pfaith(x) Qartistic(y) dx dy

Z

X
Pfaith(x) dx �

Z

X
Qartistic(y) dy

+ : : : + � 6

Z

X

Z

X
kx � yk Pcultural(x) Qartistic(y) dx dy

Z

X
Pcultural(x) dx �

Z

X
Qartistic(y) dy

:

Figure 6: A modular breakdown of the CAO loss.(A) Local per-axiom preferences,(B) global synergy preference,
(C) axiom-speci�c regularizers. Three error loss surfaces from the ablation study demonstrate the progressive
impact of incorporating components of the YinYang alignment objective. The �rst plot, with only theLocal Axiom
Preferences, shows an unstable gradient landscape. Adding in the second plot smooths the loss surface signi�cantly.
Finally, introducing additionalRegularization Termsin the third plot further stabilizes and smooths the surface,
making optimization more ef�cient and robust.

formulation ensures that the optimization process
remains balanced, preventing any single axiom
from dominating the alignment process. The im-
pact of the Synergy Jacobian on resolving gradient
con�icts and guiding optimization can be visual-
ized in Fig. 7.

Benefits: The incorporation ofJS ensures: 1)
Balanced Optimization: Prevents one axiom from
overshadowing others, fostering a holistic alignment
across contradictory objectives. 2)Stability: Re-
duces the risk of oscillations or instability during
training by moderating conflicting gradient interac-
tions. 3)Cohesion: Facilitates a stable and unified
optimization process, ensuring that all objectives
contribute meaningfully to the overall alignment.

Further details, derivations, and examples are
provided in Appendix G.

Bene�ts and Scalability

• Pareto-Aware Multi-Objective Control: By
sweeping synergy weightsf ! ag, we explore a
Pareto frontier of alignment solutions, clarifying
how intensifying constraints for one axiom (e.g.,
cultural sensitivity) impacts another (e.g., artistic
freedom).

• Global Alignment & Local Interpretability:
The synergy-based preferencePS

ij offers a coher-
ent global objective, while individualPa

ij preserve
axiom-level clarity.

• Ef�cient Computation via Sinkhorn Regular-
ization: Wasserstein-based distances are highly
effective for aligning distributions but can be
computationally expensive, particularly for large-
scale data, as their complexity often scales poorly.
Sinkhorn regularization(Cuturi, 2013) addresses
this issue by introducing an entropy-based regu-



Figure 7: Visualization of optimization paths and gradient dynamics with and without the Synergy Jacobian.3D
Plots (Top Row): The synergy score (z-axis) peaks at the Pareto-optimal point (black cross), representing the ideal
balance between competing objectives.Without Jacobian Adjustment (left column):The optimization path (red
circles) follows con�icting gradients (red arrows), leading to suboptimal convergence away from the Pareto-optimal
point. With Jacobian Adjustment (right column):The gradients (blue arrows) are harmonized by the Synergy
Jacobian, guiding the optimization path (blue circles) toward the synergy peak.2D Plots (Bottom Row): The
2D plots provide a top-down perspective of the same optimization dynamics, highlighting gradient directions
and path alignment.Without Jacobian Adjustment (left column):Misaligned gradients cause the path to diverge
from the Pareto-optimal region.With Jacobian Adjustment (right column):Adjusted gradients align consistently,
enabling smooth convergence to the synergy peak. Together, these visualizations demonstrate the effectiveness of
the Synergy Jacobian in resolving gradient con�icts, fostering cohesive and ef�cient optimization across competing
objectives.

larization term to the optimal transport problem,
which smooths the optimization and signi�cantly
reduces computational overhead. The Sinkhorn
distance is de�ned as:

W� (P; Q) = min

 2 �( P;Q)

h
; C i � � H (
 );

whereP andQ are the distributions to be aligned,
�( P; Q) denotes the set of all valid couplings with
marginalsP andQ, C is the cost matrix,� is the

regularization parameter, andH(
 ) is the entropy
of the coupling
 , de�ned as:

H(
 ) = �
X

i;j


 ij log 
 ij :

By incorporating this entropy term, the opti-
mization problem becomes smoother and com-
putationally ef�cient, allowing for faster con-
vergence through iterative scaling algorithms.



This approach reduces complexity to near-linear
time while retaining the core advantages of
Wasserstein-based methods, making it scalable
and robust for large-scale alignment tasks. Fig. 8
illustrates the practical impact of Sinkhorn regu-
larization by comparing optimization paths and
cost surfaces with and without regularization.

5 Axiom-Speci�c Loss Function Design

We now expand each of the axiom-wise losses
introduced previously:L artistic, L faith, L emotion,
L neutral, L originality, L referentiality, L veri�ability ,
L cultural. L artistic. Note thatL artistic appears in
four of the six axioms, but the core design of the
artistic loss remains consistent across all such
instances. cf Appendix L.

5.1 Artistic Freedom: L artistic

TheArtistic Freedom Score(AFS) measures how
much creative enhancement a generated imageI gen

receives, relative to abaselineI base. It comprises
three components:

1. Style Difference: Gauges stylistic deviation us-
ing VGG-based Gram features (Gatys et al., 2016;
Johnson et al., 2016), a widely adopted approach
in neural style transfer for capturing higher-order
correlations that de�ne an image's aesthetic char-
acteristics:

StyleDiff = kS(I gen) � S(I base)k2:

Here,S(�) represents a pretrained style-extraction
network.

2. Content Abstraction: Evaluates how abstractly
I gen interprets the textual promptP. Formally,

ContentAbs= 1 � cos(E(P); E (I gen)) ;

whereE(�) is a multimodal embedding model
(e.g., CLIP) (Radford et al., 2021). Higher
ContentAbsindicates stronger abstraction away
from literal prompt details. This concept ofcon-
tent abstractiondraws inspiration from prior cross-
modal research (Zhang et al., 2021; Mou et al.,
2022), which highlights how multimodal embed-
dings can bridge prompt semantics and visual rep-
resentations (Lei et al., 2023; Gupta et al., 2023).

3. Content Difference: Measures deviation from
the baseline image:

ContentDiff= 1 � cos(E(I gen); E (I base)) :

This term ensures the generated image does not
diverge excessively fromI base, acting as a mild
regularizer for subject �delity.

We de�ne:

AFS = � StyleDiff + � ContentAbs+ 
 ContentDiff:

By default, we set� = 0 :5, � = 0 :3, and
 = 0 :2
based on empirical tuning. OmittingContentDiff
may boost artistic freedom but risks straying too
far from baseline subject matter, re�ecting the in-
herent tension between creativity and �delity.

Calculating the AFS for the images in Fig. 3 us-
ing the �rst image as the reference yields: Chosen
1 and Chosen 2 with moderate AFS scores of 0.80
and 0.82, indicating minimal artistic deviation. In
contrast, the Rejected images score higher, with
Rejected 1, Rejected 2, and Rejected 3 achieving
0.99, 1.06, and 0.87 respectively, re�ecting greater
abstraction and stylistic deviation. AFS ranges
are de�ned as Low (0.0–0.5), Moderate (0.5–1.0),
and High (1.0–2.0), capturing the balance between
prompt adherence and artistic creativity.

5.2 Faithfulness to Prompt:L faith

Faithfulness to the prompt is a cornerstone of T2I
alignment, ensuring that generated images adhere
to the semantic and visual details specified by the
user. To evaluate faithfulness, we leverage a seman-
tic alignment metric based on theSinkhorn-VAE
Wasserstein Distance, a robust measure of distribu-
tional similarity that has gained traction in genera-
tive modeling for its interpretability and effective-
ness (Arjovsky et al., 2017; Tolstikhin et al., 2018).

The Faithfulness Loss is formulated as:

L faith = � W �
d (P(Zprompt); Q(Z image)) ;

where:

• P(Zprompt) andQ(Z image) are the latent distribu-
tions of the textual prompt and the generated im-
age, respectively, extracted using a Variational
Autoencoder (VAE).

• W �
d denotes theSinkhorn-regularized Wasser-

stein Distance, which facilitates computational
ef�ciency and stability (Cuturi, 2013).



Figure 8: Visualization of optimization paths and cost landscapes with and without Sinkhorn regularization. The
�gure consists of two panels:Left Panel (Without Regularization): The jagged cost surface exhibits steep
gradients and sharp valleys, as indicated by the tightly packed contour lines. The red path represents the chaotic
optimization trajectory, characterized by oscillatory and inef�cient updates due to the irregular gradients. The green
star marks the starting point, and the black cross indicates the end point. The annotation "Steep Gradient" highlights
areas where the optimization struggles to progress smoothly.Right Panel (With Sinkhorn Regularization): The
smooth cost surface demonstrates gradual changes in cost, as shown by the widely spaced contour lines. The
blue path represents the ef�cient and stable optimization trajectory. The green star marks the starting point, and
the black cross indicates the end point. The annotation "Smooth Gradient" points to areas where regularization
has �attened the landscape, enabling consistent and effective gradient updates. This comparison illustrates the
effectiveness of Sinkhorn regularization in transforming a jagged, computationally expensive optimization problem
into a smooth, scalable one. The blue-green-yellow colormap highlights gradient intensities while maintaining
visual clarity across both panels.

Key Advantages:

• Semantic Depth:Captures alignment at a distri-
butional level, accommodating nuanced semantic
relationships.

• Robustness:Accounts for variability in genera-
tion without penalizing minor creative deviations.

• Scalability: Ef�cient for large-scale applications,
making it suitable for real-world deployment.

By adopting this approach, the Faithfulness Loss
ensures that T2I systems effectively adhere to
user prompts while integrating seamlessly into the
broader CAO framework.

To calculateFaithfulness Scores(L faith) for the
images in Fig. 3, we compute the semantic align-
ment using the Sinkhorn-regularized Wasserstein
Distance (W �

d ) between the prompt and each im-
age. Using the �rst image as the reference, the
Faithfulness Scores are as follows: Chosen 1 and

Chosen 2 achieve high faithfulness scores of 0.95
and 0.92, respectively, re�ecting strong adherence
to the prompt. In contrast, the Rejected images
score lower, with Rejected 1, Rejected 2, and Re-
jected 3 receiving 0.70, 0.63, and 0.58, respec-
tively, due to their increased stylistic and seman-
tic deviation. Faithfulness Scores range from 0.0
(poor alignment) to 1.0 (perfect alignment), ensur-
ing adherence to prompt semantics.

5.3 Emotional Impact Score (EIS):L emotion

EIS quanti�es the emotional intensity of gener-
ated images using emotion detection models (e.g.,
DeepEmotion (Abidin and Shaarani, 2018)), pre-
trained on datasets labeled with emotions such as
happiness, sadness, anger, or fear. Higher ERS
values indicate stronger emotional tones.

ERS =
1

M

MX

i =1

EmotionIntensity(imgi )



where:M : Total number of images in the batch,
EmotionIntensity(imgi ): Scalar intensity of the
dominant emotion in image imgi .

Neutrality Score (N): Neutrality measures the
degree of emotional balance or impartiality in gen-
erated images, complementing EIS by capturing
the absence of a dominant emotion.

N = 1 � max(EmotionIntensity)

where: max(EmotionIntensity): Intensity of the
most dominant emotion detected in the image.
Higher N values (closer to 1) indicate emotion-
ally neutral images, while lowerN values re�ect
strong emotional dominance.

Tradeoff Between Emotional Impact and
Neutrality : To evaluate the tradeoff between Emo-
tional Impact and Neutrality, we de�ne a combined
metric:

TEMN = � � ERS + � � N

where: � : Weight assigned to Emotional Im-
pact. � : Weight assigned to Neutrality.� (0:3) +
� (0:7) = 1 : Ensuring a balanced contribution,
chosen empirically.

To calculateEmotional Impact Scores (EIS)
for the images in Fig. 13 for the prompt "A post-
disaster scene", we assess the emotional intensity
(ERS), neutrality (N ), and the combined trade-
off metric (TEMN). Image 1 achieves the lowest
emotional intensity (ERS = 0 :20) and the high-
est neutrality (N = 0 :80), resulting in the highest
trade-off score (TEMN = 0 :62), re�ecting emo-
tional balance with minimal impact. In contrast,
Image 5 demonstrates the strongest emotional in-
tensity (ERS = 1 :00) and the lowest neutrality
(N = 0 :00), leading to the lowest trade-off score
(TEMN = 0 :30), indicative of a highly impactful
and emotionally dominant scene. The intermedi-
ate images show a gradual escalation: Image 2
hasERS = 0 :30, N = 0 :70, andTEMN = 0 :58;
Image 3 exhibitsERS = 0 :60, N = 0 :40, and
TEMN = 0 :48; and Image 4 demonstratesERS =
0:80, N = 0 :20, andTEMN = 0 :44. These metrics
effectively capture the progression from balanced
to highly impactful emotional states, highlighting
the trade-off between emotional depth and neutral-
ity in the generated post-disaster scenes.

5.4 Originality vs. Referentiality: L originality

& L referentiality

To evaluate the originality of a generated image
I gen, we propose leveraging CLIP Retrieval to dy-
namically identify reference styles and compute
stylistic divergence. This method builds on the ca-
pabilities of pretrained CLIP models to represent
both semantic and visual features effectively (Rad-
ford et al., 2021; Carlier et al., 2023).

The originality loss,L originality, is computed as
the average cosine dissimilarity between the em-
bedding of the generated image and the embed-
dings of the top-K reference images retrieved from
a large-scale style database:

f originality_referentiality(I ) =
1
K

KX

k=1

L originality
z }| {h
1 � cos

�
ECLIP(I gen); ECLIP(Sretr;k )

�

| {z }
L referentiality

i
:

where:

• ECLIP(�): Embedding function of a pretrained
CLIP model.

• Sretr;k : Thek-th reference image retrieved using
CLIP Retrieval (Carlier et al., 2023).

• K : The number of top-matching reference images
considered.

HigherL originality indicates greater stylistic diver-
gence from existing references, re�ecting more
originality.

Reference Image Retrieval with CLIP. To dy-
namically select reference images, we use CLIP
Retrieval (Carlier et al., 2023), which queries a
curated database of artistic styles based on the gen-
erated image embedding. The retrieval process is
as follows:

1. Embedding Computation: Compute the CLIP
embedding of the generated imageECLIP(I gen).

2. Database Query:CompareECLIP(I gen) against
precomputed embeddings of a reference database,
such as WikiArt or BAM.

3. Top-K Selection:Retrieve the top-K reference
imagesSretr;k with the highest similarity scores to
I gen.



Reference Databases.

• WikiArt: A large-scale dataset containing over
81,000 images spanning 27 art styles, including
impressionism, surrealism, and cubism (Saleh and
Elgammal, 2015).

• BAM (Behance Artistic Media): A dataset com-
prising over 2.5 million high-resolution images,
curated from professional portfolios across diverse
artistic styles (Wilber et al., 2017).

To evaluate the originality and referentiality of
the images in Fig. 13 for the prompt "A majestic
cathedral interior with an ethereal glowing circu-
lar portal leading to a serene golden landscape",
we calculate Originality Loss (L originality) and Refer-
entiality Loss (L referentiality) based on their stylistic
divergence and alignment with the reference im-
age. Image 1 demonstrates the highest original-
ity (L originality = 0:85) and the lowest referentiality
(L referentiality = 0 :15), reflecting strong stylistic in-
dependence. In contrast, Image 5 shows the lowest
originality (L originality = 0:35) and the highest refer-
entiality (L referentiality= 0:65), indicating significant
stylistic borrowing from the reference. The interme-
diate images exhibit a smooth transition: Image 2
achievesL originality = 0:75andL referentiality= 0:25;
Image 3 scoresL originality = 0:65andL referentiality=
0:35; and Image 4 obtainsL originality = 0:50 and
L referentiality= 0:50. These scores highlight the grad-
ual trade-off between originality and referentiality,
effectively capturing the stylistic evolution of the
images relative to the reference.

5.5 Cultural Sensitivity: L cultural

Evaluating Cultural Sensitivity in T2I systems is
challenging due to the lack of pre-trained cultural
classi�ers and the vast diversity of cultural con-
texts. We propose a novel metric calledSimulated
Cultural Context Matching (SCCM) , which dy-
namically generates cultural sub-prompts using
LLMs and evaluates their alignment with T2I-
generated images.Dynamic Cultural Context
Matching (SCCM) involves the following steps:

Embedding Generation

1. Prompt Embedding: For each dynamically gen-
erated cultural sub-promptPi , embeddings are ex-
tracted using a multimodal model (e.g., CLIP). Let
f E (P1); E (P2); : : : ; E (Pk )g represent the em-
beddings ofk sub-prompts.

2. Image Embedding: The T2I-generated image
I is embedded using the same model, yielding
E(I ).

Prompt-Image Similarity : For each sub-
promptPi and the generated imageI , calculate
the semantic similarity using cosine similarity:

sim(E(Pi ); E (I )) =
E(Pi ) � E (I )

kE(Pi )kkE(I )k

Sub-Prompt Aggregation: Aggregate the simi-
larity scores across allk sub-prompts to compute
the overall alignment score:

SCCMraw =
1
k

kX

i =1

sim(E(Pi ); E (I ))

Normalization: Normalize the raw SCCM
score to the range[0; 1] for consistent evaluation:

SCCM�nal =
SCCMraw � SCCMmin

SCCMmax � SCCMmin

where SCCMmin and SCCMmax are prede�ned
minimum and maximum similarity scores based
on a validation dataset.

Example Computation of SCCM

• User Prompt: “Generate an image of a Japanese
garden during spring.”

Based on the following user prompt: "Generate an
image of a Japanese garden during spring," iden-
tify the cultural context or elements relevant to
this description. Then, generate 3-5 culturally ac-
curate and contextually diverse sub-prompts that
expand on the original prompt while maintaining
its essence. Ensure the sub-prompts re�ect spe-
ci�c traditions, symbols, or nuances related to the
mentioned culture.

• LLM-Generated Sub-Prompts:

– P1: “A traditional Japanese garden with a koi
pond and a wooden bridge.”

– P2: “Cherry blossoms blooming in spring with
traditional Japanese stone lanterns.”

– P3: “A Zen rock garden with raked gravel pat-
terns.”

Similarity Scores:

sim(E(P1); E (I )) = 0 :85; sim(E(P2); E (I )) = 0 :80; sim(E(P3); E (I )) = 0 :75



Raw Aggregated Score:

SCCMraw =
0:85 + 0:80 + 0:75

3
= 0 :80

Final SCCM Score:

SCCM�nal =
0:80� 0:70
0:90� 0:70

= 0 :50

To evaluate theCultural Sensitivity (L cultural)
for the images in Fig. 13, we compute their align-
ment with cultural sub-prompts dynamically gen-
erated for the prompt "Images of Vikings". The
Simulated Cultural Context Matching (SCCM)
score quanti�es cultural alignment, with higher
values indicating better adherence to the Viking
cultural context.

For this analysis, we used the followingLLM-
Generated Sub-Prompts:

• P1: “A Viking warrior with traditional braids and
a fur cloak.”

• P2: “A Viking shield maiden holding a decorated
wooden shield.”

• P3: “A Viking warrior in a snowy Nordic land-
scape with an axe.”

• P4: “A Viking chieftain standing before a long-
ship.”

• P5: “A Viking encampment during a Norse festi-
val.”

The SCCM scores for each image re�ect their
alignment with these sub-prompts. Image 1
achieves a moderate SCCM score of 0.65, sug-
gesting some cultural elements are present but not
fully emphasized. Image 2 and Image 3 demon-
strate increasing cultural alignment, with scores of
0.75 and 0.80, respectively, as more cultural mark-
ers such as braided hair, traditional clothing, and
iconic Viking weaponry are incorporated. Image 4
and Image 5 achieve the highest cultural sensitivity,
with SCCM scores of 0.85 and 0.90, respectively,
due to the inclusion of intricate cultural details
such as Nordic landscapes, fur garments, and well-
de�ned Viking weaponry. These results highlight
a progression in cultural adherence, showcasing
how effectively T2I systems can generate cultur-
ally contextualized outputs.

5.6 Veri�ability Loss: L veri�ability

Theveri�ability loss quanti�es how closely a gen-
erated imageI genaligns with real-world references
by comparing it to the top-K images retrieved from
Google Image Search. This ensures the generated
content maintains a level of authenticity and visual
consistency.

L veri�ability = 1 �
1
K

KX

k=1

cos
�

E (I gen); E (I search;k )
�

;

where:

• I gen: The generated image.

• I search;k : Thek-th image retrieved from Google
Image Search.

• E (�): A pretrained embedding extraction model
(e.g., DINO ViT) used to capture image semantics.

• K : The number of top-retrieved images used for
comparison.

How it Works:

1. The generated imageI gen is submitted to
Google Image Search to retrieveK vi-
sually and semantically similar images,
f I search;1; I search;2; : : : ; I search;K g.

2. Embeddings are extracted forI gen and each re-
trieved imageI search;k using a pretrained model
like DINO ViT, which captures global and local
visual features.

3. The cosine similarity between the embeddings of
I gen and eachI search;k is computed and averaged.
A higher similarity indicates better alignment with
real-world references.

Key Insights:

• Interpretation: A lower veri�ability loss sug-
gests that the generated image aligns well with
real-world imagery, while a higher loss indicates
greater divergence.

• Applicability: Veri�ability loss is crucial in
domains like journalism, education, and scien-
ti�c visualization, where factual consistency is
paramount.



This loss formulation balances creativity in gen-
eration with the need for authenticity and align-
ment with real-world references.

To compute Verifiability Loss (L verifiability) for the
images in Fig. 13, given the prompt "Pentagon is un-
der fire," we evaluate the cosine similarity between
the embeddings of each generated image (I gen) and
the top-K real-world reference images retrieved
from Google Image Search (I search;k ), leveraging
DINO ViT for feature extraction. The loss values
underscore the balance between minimalism and
the risk of propagating misinformation.

Figure 9:A comparative visualization of the density dis-
tributions of the Alpha values for three models:Stable
Diffusion 3.5, DPO, andCAO. The X-axis represents
the Alpha values, while the Z-axis denotes the density.
Peaks at 3.34 for Stable Diffusion 3.5, 4.82 for DPO,
and 4.95 for CAO highlight the respective model's gen-
eralization capabilities. TheGeneralization Threshold
(gold dashed line) andOverfitting Threshold(red dashed
line) emphasize the trade-offs between generalization
and potential overfitting. The progressive shift of peaks
demonstrates the increasing robustness and alignment
capabilities from Stable Diffusion 3.5 to CAO. Addition-
ally, the decrease in peak height from Stable Diffusion to
DPO and CAO reflects a broadening of the distributions,
signifying enhanced flexibility and greater adaptability
to diverse prompts. For better understanding please refer
to (Martin et al., 2021).

Image 1 exhibits the lowest veri�ability loss
(0:12) as it avoids depicting unveri�able details,
favoring a minimalist and abstract representation.
Conversely, Image 5 incurs the highest veri�abil-
ity loss (0:80) due to its hyper-realistic portrayal,
which closely resembles actual disaster imagery,
thereby posing a signi�cant risk of misinforma-
tion. Intermediate losses are observed for Image 2

(0:30), Image 3 (0:45), and Image 4 (0:65), re�ect-
ing varying degrees of creative embellishments
such as dramatic �ames, smoke, and aerial per-
spectives.

These results demonstrate the critical role of
L veri�ability in evaluating the alignment of gener-
ated content with real-world references, especially
in contexts where overly realistic yet fabricated
visuals could mislead viewers and propagate mis-
information.

6 Empirical Evaluation

Evaluation Setup and Insights: Our evaluation ex-
amines the limitations of optimizing Directed Pref-
erence Optimization (DPO) models on individual
alignment objectives. Specifically, we trained six
models, each focusing on one axiom:Artistic Free-
dom, Faithfulness to Prompt, Emotional Impact,
Originality, Cultural Sensitivity, andVerifiability.
The impact of this single-axiom optimization on
the other five objectives was measured in terms of
percentage changes compared to a baseline.

Impact of Training DPO with Individual Axioms

• Artistic Freedom: Training forArtistic Freedom
resulted in a 40% improvement, but at the expense
of reducedCultural Sensitivity(-30%) andVeri�-
ability (-35%).Faithfulness to PromptandOrigi-
nality improved by 22% and 25%, respectively.

• Faithfulness to Prompt: Optimizing for Faith-
fulness to Promptled to a 40% improvement but
reducedArtistic Freedom(-10%) while marginally
improvingOriginality (+10%) andEmotional Im-
pact(+5%).

• Emotional Impact: Training onEmotional Im-
pactincreased it by 40%, but resulted in a 20% de-
cline in Faithfulness to Promptand a 10% decline
in Cultural Sensitivity. Artistic Freedomincreased
slightly (+15%).

• Originality : PrioritizingOriginality improved it
by 40%, but reducedCultural Sensitivity(-25%)
andVeri�ability (-15%).

• Cultural Sensitivity : OptimizingCultural Sen-
sitivity led to a 40% improvement, but reduced
Veri�ability (-30%) andOriginality (-20%).Artis-
tic Freedomdropped by 15%.

• Veri�ability : Training for Veri�ability resulted
in a 40% improvement but came at the expense



Figure 10:Impact of Training DPO with Individual Axioms on Others: A Comparative Evaluation.The plots
illustrate the impact of training DPO to optimize a single axiom on the other alignment objectives. Each subplot
corresponds to one axiom, with percentage changes in performance (relative to baseline) shown for all other
objectives. For example, training onArtistic Freedomimproves it by 40%, but causes notable declines inCultural
Sensitivity(-30%) andVeri�ability (-35%), while improvingFaithfulness to Prompt(+22%) andOriginality (+25%).
These results underscore the inherent trade-offs of single-axiom optimization and motivate the need for holistic
alignment approaches like CAO.

of Originality (-25%) andCultural Sensitivity(-
30%).Faithfulness to PromptandEmotional Im-
pactsaw minor declines of 10% and 15%.

Key Insights: Empirical �ndings elucidate the
inherent limitations of single-axiom DPO train-
ing, where optimization bias disrupts inter-axiom
equilibria, thereby af�rming the necessity of multi-
objective strategies such as CAO for holistic align-
ment. This motivates the need for our proposed
CAO, which harmonizes trade-offs across all align-
ment objectives.

For a detailed discussion of the optimization
landscape differences between DPO and CAO, in-
cluding comparative visualizations of error sur-
faces, refer to Appendix I. The computational com-
plexity and overhead introduced by the CAO frame-
work, along with strategies to mitigate these chal-
lenges, are elaborated in Appendix J. Addition-
ally, future avenues for reducing the computational
burden of global synergy terms are explored in

Appendix K. For an overview of the key hyperpa-
rameters, optimization strategies, and architectural
con�gurations used in this work, see Appendix D.

7 Generalization vs. Over�tting: Effect
of Alignment

TheWeighted Alphametric (Martin et al., 2021) of-
fers a novel way to assess generalization and over-
�tting in LLMs without requiring training or test
data. Rooted in Heavy-Tailed Self-Regularization
(HT-SR) theory, it analyzes the eigenvalue dis-
tribution of weight matrices, modeling the Em-
pirical Spectral Density (ESD) as a power-law
� (� ) / � � � . Smaller� values indicate stronger
self-regularization and better generalization, while
larger� values signal over�tting. The Weighted Al-
pha�̂ is computed as:̂� = 1

L

P L
l=1 � l log � max;l ,

where� l and� max;l are the power-law exponent
and largest eigenvalue of thel-th layer, respec-
tively. This formulation highlights layers with
larger eigenvalues, providing a practical metric to



Figure 11: Comparison of Alignment Impacts: The plot illustrates the effect of training with DPO versus CAO
across six axioms: Artistic Freedom, Faithfulness to Prompt, Emotional Impact, Originality, Cultural Sensitivity,
and Veri�ability. While DPO exhibits uncontrolled variations in the impacts, leading to undesirable tradeoffs
(e.g., +40% Artistic Freedom but -30% Cultural Sensitivity), CAO achieves a more balanced alignment with
controlled tradeoffs (e.g., +10% Artistic Freedom and +44% Cultural Sensitivity). This demonstrates CAO's ability
to harmonize competing axioms effectively.

diagnose generalization and over�tting tendencies.
Results reported in Fig. 9.

Research Questions and Key Insights

1. RQ1: Do aligned T2I models lose generaliz-
ability and become over�tted? Alignment pro-
cedures introduce a marginal increase in over�t-
ting, as evidenced by a generalization error drift
of j� Egenj� 0:1, remaining within an acceptable
range of� 10%.

2. RQ2: Between DPO and CPO, which offers
better generalizability? CAO is only marginally
less generalized compared to DPO, demonstrating
a minor increase in the generalization gap. How-
ever, CAO achieves superior alignment by address-
ing six complex and contradictory axioms, such as
faithfulness, artistic freedom, and cultural sensitiv-
ity, which DPO alone cannot comprehensively bal-
ance. This trade-off between generalizability and
alignment complexity highlights CAO's ability to
maintain robust prompt adherence while handling
nuanced alignment challenges effectively.

8 Conclusion

In this work, we introducedYinYangAlign , a
novel benchmark for evaluating Text-to-Image
(T2I) systems across six contradictory alignment
objectives, each representing fundamental trade-
offs in AI image generation. The study demon-
strated that optimizing for a single alignment ax-
iom, such asArtistic Freedomor Faithfulness to
Prompt, often disrupts the balance of other align-
ment objectives, leading to signi�cant performance
declines in areas likeCultural SensitivityandVer-
i�ability . This emphasizes the critical need for
holistic optimization strategies.

To navigate these alignment tensions, we propose
Contradictory Alignment Optimization (CAO) ,
a transformative extension of Direct Preference Op-
timization (DPO). The CAO framework introduces
multi-objective optimization mechanisms, including
synergy-driven global preferences, axiom-specific
regularization, and the innovativesynergy Jaco-
bian to balance competing objectives effectively.
By leveraging tools such asSinkhorn-regularized
Wasserstein Distance, CAO achieves stability and



scalability while delivering state-of-the-art perfor-
mance across all six objectives.

Empirical results validate the robustness of the
proposed framework, showcasing not only its abil-
ity to align T2I outputs with diverse user intents but
also its adaptability across multiple datasets and
alignment goals. Moreover, theYinYangAlign
dataset and benchmark provide a critical resource
for advancing future research in generative AI
alignment, emphasizing fairness, creativity, and
cultural sensitivity.

This work establishes a foundation for the princi-
pled design and evaluation of alignment strategies,
paving the way for scalable, interpretable, and ethi-
cally sound T2I systems. Future work will explore
adaptive mechanisms for dynamic weight tuning
and extend the framework to emerging alignment
challenges, further cementing YinYangAlign and
CAO as cornerstones in the �eld of generative AI.



9 Discussion and Limitations

The development ofYinYangAlign introduces a
novel paradigm for balancing contradictory axioms
in Text-to-Image (T2I) systems, offering both the-
oretical contributions and practical implications.
However, as with any sophisticated framework, its
deployment and ef�cacy raise important points of
discussion and reveal inherent limitations. This
section critically examines the strengths and po-
tential areas for improvement inYinYangAlign ,
situating it within the broader landscape of T2I
alignment research.

We begin by re�ecting on the broader implica-
tions of our methodology, including its adaptabil-
ity to diverse tasks and its capacity to integrate
user preferences dynamically. We then address the
limitations that stem from reliance on prede�ned
axioms, the scalability of the framework across do-
mains, and the challenges associated with data di-
versity and representation. These re�ections aim to
provide a balanced perspective, guiding future re-
�nements and encouraging dialogue within the re-
search community to advance T2I alignment tech-
nologies further.

Figure 12: This interface allows users to dynamically
set their preferences for balancing contradictory ax-
ioms in Text-to-Image (T2I) generation. Each slider
represents a speci�c trade-off, such asFaithfulness to
Prompt vs. Artistic Freedom, enabling �ne-grained con-
trol over the alignment objectives. The left and right
labels denote opposing axiom components, with the
slider position re�ecting the user's preferred weight
distribution. These inputs are translated into weights
for the Contradictory Alignment Optimization (CAO)
framework, guiding the system toward generating out-
puts tailored to user-de�ned priorities.

9.1 Mapping User Preferences to
Multi-Objective Optimization Weights

YinYangAlign introduces a �exible and user-
centric framework (cf. Fig. 12 for controls and
Fig. 13 and Fig. 14 for the effect of varied con-
trols on the output) for aligning text-to-image

(T2I) models with potentially contradictory ax-
ioms. A core strength of this framework lies in
its adaptability: given suf�cient annotated data,
end-users/developer can specify their desired bal-
ance between competing objectives, such asFaith-
fulness to PromptversusArtistic Freedomor
Cultural SensitivityversusCreative Expression.
This customization is facilitated by the Contra-
dictory Alignment Optimization (CAO) mecha-
nism, which translates user-de�ned preferences
into weights for multi-objective optimization.

By leveraging the sliders, users directly in�u-
ence the blending of contradictory axioms, en-
abling a tailored optimization process that re�ects
individual or application-speci�c requirements.
For instance, a use case focused on creative con-
tent generation may prioritizeArtistic Freedom,
while another requiring factual accuracy and cul-
tural sensitivity may emphasizeVeri�ability and
Cultural Sensitivity. The CAO framework dynam-
ically adapts to these preferences, ensuring that
the optimization process aligns with user-de�ned
priorities.

This section details how user-selected scales,
representing preferences for contradictory axioms,
are normalized and integrated into the multi-
objective optimization process. The mathematical
foundation of this mapping ensures clarity, repro-
ducibility, and seamless adaptability for various
use cases. Below, we describe the key steps in-
volved in translating user preferences into action-
able weights for CAO's optimization pipeline.

1. Normalize Slider Values

Each slider valuevi is normalized to compute the
weight � i for the i -th axiom. The normalization
ensures the weights sum to 1:

� i =
vi

P N
j =1 vj

; for i = 1 ; : : : ; N;

where:

• vi : Value of thei -th slider (e.g.,v1 = 67 for
Faithfulness to Prompt).

• N : Total number of axioms (e.g.,N = 6 ).



Figure 13: A Comprehensive Visual Depiction of Trade-offs Between Alignment Axioms Across Prompts and
Visual Styles. Each row represents a speci�c textual prompt, showcasing variations in alignment across different
axioms.(Row 1:) Illustrate a peaceful garden with a bench under a cherry blossom tree.This row explores the
trade-off betweenFaithfulness to PromptandArtistic Freedom, transitioning from highly creative interpretations
(left) to more realistic depictions (right).(Row 2:) A post-disaster scene.This row examines the balance between
Emotional Impact andNeutrality , ranging from emotionally intense scenes (right) to neutral and documentary-
style visuals (left).(Row 3:) A portrait of Albert Einstein, showcasing his iconic wild hair and mustache, dressed
in a classic suit.Here, the interplay betweenVisual RealismandArtistic Freedom is illustrated, with images
evolving from abstract and stylized (left) to photorealistic (right).(Row 4:) A majestic cathedral interior with an
ethereal glowing circular portal leading to a serene golden landscape.This row highlights the trade-off between
Originality andReferentiality, transitioning from imaginative, fantastical architecture (left) to "Théâtre d'Opéra
Spatial" style grounded representations (right). Adjustable parameters and metrics are shown for each prompt,
underscoring how alignment affects the model's ability to balance creativity and �delity.
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