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Abstract

Text-to-image diffusion models are typically trained on large-scale web data, often
resulting in outputs that misalign with human preferences. Inspired by preference
learning in large language models, we propose ABC (Alignment by Classifica-
tion), a simple yet effective framework for aligning diffusion models with human
preferences. In contrast to prior DPO-based methods that depend on suboptimal
supervised fine-tuned (SFT) reference models, ABC assumes access to an ideal ref-
erence model perfectly aligned with human intent and reformulates alignment as a
classification problem. Under this classification view, we recognize that preference
data naturally forms a semi-supervised classification setting. To address this, we
propose a data augmentation strategy that transforms preference comparisons into
fully supervised training signals. We then introduce a classification-based ABC
loss to guide alignment. Our alignment by classification approach could effectively
steer the diffusion model toward the behavior of the ideal reference. Experiments
on various diffusion models show that our ABC consistently outperforms existing
baselines, offering a scalable and robust solution for preference-based text-to-image
fine-tuning. Code is available at https://github.com/dailongquan/abc.

1 Introduction

Text-to-image diffusion models [4] have dominated image generation for years, trained on web-scale
text-image pairs in a single stage. However, this approach may produce images misaligned with
human preferences. In contrast, Large Language Models (LLMs) excel at generating human-preferred
outputs through a two-stage process: pre-training on web data and fine-tuning on preference data.
Applying this fine-tuning strategy to text-to-image models could enhance their ability to meet diverse
user preferences, making them more useful and relevant.

Recent research [2, 9, 14, 59, 61] has focused on enhancing diffusion models to align with human
preferences using Reinforcement Learning from Human Feedback (RLHF) [22]. This RLHF approach
involves pretraining a reward model [56] to capture human preferences and then optimizing the
diffusion models to maximize the reward of generated images. However, creating a robust reward
model that accurately reflects human preferences is both challenging and computationally costly, and
over-optimizing the reward model can lead to significant issues of model collapse [38].

Diffusion-DPO [51] integrates Direct Preference Optimization (DPO) [40] into the preference learning
framework of diffusion models, eliminating the need for a reward model. DPO reparameterizes the
reward function in RLHF to directly learn a model from preference data. In DPO, the implicit reward
is formulated using the log ratio of the likelihood of a response between the current model and the
supervised fine-tuned (SFT) model. However, the SFT model is far from an ideal model that aligns
with human preferences completely. We hypothesize that this discrepancy may lead to suboptimal
performance.
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In this work, we propose the ABC (Alignment by Classi�cation) framework, a simple yet effective
preference optimization algorithm to solve this problem. The core of our algorithm relies on three
key insights: (1), DPO with an ideal reference model can be framed as a classi�cation problem
using a diffusion model. (2), The alignment performance depends on the discriminative ability of
the diffusion model. (3), We identify alignment with preference data as semi-supervised learning
and propose a data augmentation method to convert it into supervised data. (4), We propose a
classi�cation-based ABC loss, incorporating augmented preference data, to align the diffusion model,
which is equivalent to aligning the diffusion model with the ideal reference model. Therefore a
reference model is not needed during training which saves a lot of memory.

We conduct empirical evaluations of our ABC framework on state-of-the-art text-to-image diffusion
models, including SD1.5 [42] and SDXL) [37], comparing it with leading image preference alignment
methods. Extensive analysis demonstrates that our ABC method effectively leverages preference
data, resulting in a more accurate ranking of winning and losing responses.

2 Related Work

Diffusion model alignmentcan be achieved through �ne-tuning [11, 60, 63]. Recently, methods [1,
2, 9, 14, 27, 48, 59, 61] based on RLHF have garnered increasing attention. Among them, Wallace
et al.[51] expanded direct preference optimization [40], which was originally suggested for language
models, to diffusion models, aligning them with pairwise preference datasets on top of a frozen
reference model. Similarly, Li et al.[26] applies Kahneman-Tversky Optimization [13] from language
model alignment to diffusion models to inject preferences into the reference model. Theoretically,
using an ideal alignment model as the reference should produce the best results, but all these methods
rely on a non-perfect SFT checkpoint as the reference model. In this paper, we disclose that using an
ideal alignment model as the reference and minimizing the DPO loss will minimize a classi�cation
loss. We thus transform the reference-required alignment task into a reference-free classi�cation task.

Diffusion model classi�cation is a type of generative classi�cation [64], where class probabilities
p(yjx ) are inferred by modeling the data likelihoodp(x jy) using generative models. Compared to
discriminative classi�ers [49], generative classi�ers tend to be more robust and better calibrated [31].
Zimmermann et al.[65] leverage score-based models to compute the log-likelihoodp(x jy) via
integration and then apply Bayes' theorem to obtainp(yjx ). Other works [16, 21] perform diffusion
in logit space to model the categorical classi�cation distribution. Recent studies [6, 8, 17, 25] convert
diffusion models into generative classi�ers, showing that generative networks can be effectively
repurposed for discriminative tasks. In this paper, we further reveal a close connection in the reverse
direction: discriminative learning, speci�cally classi�cation, can also be naturally applied to a
particular generative task—diffusion model alignment.

Classi�cation lossgenerally follows two paradigms: learning with class-level labels and learning
with pairwise labels. In the �rst setting, the model is trained to assign each input to its corresponding
class using a classi�cation loss, such as L2-Softmax [41], Large-margin Softmax [29], Angular
Softmax [28], NormFace [52], AM-Softmax [53], and ArcFace [12]. In contrast, pairwise-based
approaches learn to directly model similarity or dissimilarity between sample pairs. Representative
methods include contrastive loss [7, 15], triplet loss [19, 43], Lifted-Structure loss [34], N-pair
loss [46], Histogram loss [50], Angular loss [54], Margin-based loss [57], and Multi-Similarity
loss [55]. In this paper, we employ Circle loss [47], which uni�es the two paradigms, to conduct the
diffusion model alignment task.

3 Background

Diffusion models are certi�ably robust classi�ers [5]. To provide a classi�cation perspective on the
preference alignment of diffusion models, we offer a preliminary discussion on diffusion models [4,
18] and diffusion classi�ers [5, 8], as well as the Circle loss [47], a generalized classi�cation loss.

3.1 Diffusion Models

We brie�y review denoising diffusion probabilistic models [18]. Givenx 0 from a real data distribution
q(x 0) and assuming that the signal-to-noise ratioSNR(t) = � t =� 2

t is monotonically decreasing
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over time, the forward diffusion process gradually adds Gaussian noise to the data to obtain a
sequence of noisy samplesf x t gT

t =1 according tof � t gT
t =1 andf � t gT

t =1 which are designed such
thatx T is nearly an Gaussian distributionq(x t jx 0) = N (x t ;

p
� t x 0; � 2

t I ). The reverse process
p� (x t � 1jx t ) = N (x t � 1; � � (x t ; t); ~� 2

t I ) is de�ned as a Markov chain aimed at approximatingq(x 0)
by gradually denoising from the Gaussian distributionp(x T ) = N (x T ; 0; I ). where� � is generally
parameterized by a time-conditioned noise prediction network� � (x t ; t). Let C be a small constant
andwt be the weight. The reverse process can be learned by optimizing the variational lower bound
on the log-likelihood as

logp� (x ) � � E� ;t
�
wt k� � (x t ; y; t) � � k2

2

�
+ C (1)

3.2 Classi�cation with Diffusion Models

Consider a dataset
 =
�

(x ( l ) ; y( l ) )
	 L

l =1 , where each imagex ( l ) is associated with a labely( l ) that
belongs to one ofK classes, denoted asY = f yk gK

k=1 . Given a new imagex , the classi�cation
objective is to predict the class label~y that has the highest probability of being assigned tox .

~y = argminyk 2 Y � p(yjx ) = argminy2 Y � p(x jy) � p(y): (2)

Assuming a uniform prior distribution over the classes, i.e.p(yk ) = 1
K for all k, the prior term

becomes constant and can be ignored in the maximization process. Thus, the problem reduces to:

~y = argminy2 Y � logp(x jy): (3)

Clark and Jaini[8] leverage the score function�s� (x ; y) (5), which can be considered a good measure
of the similarity between the category prompty and the imagex , to approximatelogp� (x jy) and
convert the text-to-image diffusion model into a classi�er (4).

~y = argminy2 Y � logp� (x jy) � argminy2 Y � �s� (x ; y); where (4)

�s� (x ; y) = � E�;t [s� (x ; y)] ands� (x ; y) = wt k� � � �
� p

� t x + � t � ; y; t
�
k2

2 (5)

Further, Chen et al. [5] extend this approach by calculating the class probabilityp� (yjx ) through

p� (yk jx ) =
p(x jyk ) � p(yk )

P
yj 2 Y p(x jyj ) � p(yj )

=
exp(logp� (x jyk ))

P
yj 2 Y exp(logp� (x jyj ))

�
exp(�s� (x ; yk ))

P
yj 2 Y exp(�s� (x ; yj ))

(6)

3.3 Circle Loss for Classi�cation

Classi�cation involves selecting one target category fromK candidate categories. Suppose the scores
of x for binary categories aref yi g2

i =1 for simplicity. The binary cross-entropy loss is given by:

L BCE =
X

x
[log (1 + exp ( � (x ; y1; y2))) + log (1 + exp ( � (x ; y2; y1)))] ; where

�(x ; y+ ; y� ) = E�;t
�
s� (x ; y+ )

�
� E�;t

�
s� (x ; y� )

�
:

(7)

Sun et al. [47] propose the binary Circle lossL Circle by extending�(x ; y+ ; y� ) as:

� (x ; y+ ; y� ) = � + �
E�;t

�
s� (x ; y+ )

�
� � + �

� � � �
E�;t

�
s� (x ; y� )

�
� � � �

: (8)

The Circle loss degenerates to AM-SoftmaxL AM loss [53], an important variant of the binary
cross-entropy loss7, when�(x ; y+ ; y� ) is de�ned as:

� (x ; y+ ; y� ) = E�;t
�
s� (x ; y+ )

�
�

�
E�;t

�
s� (x ; y� )

�
� � � �

: (9)

4 ABC for Diffusion Models

In this section, we introduce our Alignment by Classi�cation (ABC) framework for diffusion models.
We �rst reformulate alignment as a classi�cation task. To mitigate the instability from the semi-
supervised nature of preference data, we apply data augmentation to enable supervised learning.
Finally, we present the ABC objective for preference alignment.
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4.1 The Connection Between Alignment and Classi�cation

In the following sections, we assume each text prompt corresponds to a single aligned image. Letx +
y

denote the image aligned with prompty, andx �
y a misaligned one. Here, we provide a classi�cation

perspective on diffusion model preference alignment [51], formalized through two theorems.

The �rst theorem shows that the Diffusion-DPO loss serves as an upper bound on the diffusion
classi�cation score(6). Speci�cally, the Diffusion-DPO loss [51] is de�ned as Equation (10), where
sref(x ; y) = ! t k� � � ref(

p
� t x + � t � ; y; t)k2

2, and� ref is a reference diffusion model. Therefore,
minimizing this loss corresponds to training a diffusion-based classi�er.

L DDPO = E�;t
�
log

�
1 + exp

�
�

�
s� (x �

y ; y) � sref (x �
y ; y)

��
exp

�
s� (x +

y ; y) � sref (x +
y ; y)

���
; (10)

Unlike common practices where� ref
�
x t ; y; t

�
is set as the SFT checkpoint [40], we consider it as the

ideal model here for discussion. The reason is that using the ideal alignment model as the reference
model should produce optimal performance in preference optimization. Thus, it deserves a typical
case to discuss in the following theorem.
Theorem 1. (Proof in the supplementary material) We say a diffusion model� ali

�
x t ; y; t

�
is ideal

alignment if it satis�esk� ali
�
x +

t ;y; y; t
�

� � k2
2 = 0 andk� ali

�
x �

t ;y; y; t
�

� � k2
2 = � for anyy. Here,

x +
t ;y =

p
� t x +

y + � t � and x �
t ;y =

p
� t x �

y + � t � . When the reference model� ref
�
x t ; y; t

�
=

� ali
�
x t ; y; t

�
in Equation (10) is an ideal alignment model andsali (x ; y) = wt k� � � ali

� p
� t x +

� t � ; y; t
�
k2

2, the AM-Softmax loss(9) is upper bounded by theDiffusion-DPOloss(10). Speci�cally,
we have

log
�
1 + exp

�
�

�
E�;t

�
s� (x �

y ; y)
�

� �
���

exp
�
E�;t

�
s� (x +

y ; y)
��

� E�;t
�
log

�
1 + exp

�
�

�
s� (x �

y ; y) � sali (x �
y ; y)

��
exp

�
s� (x +

y ; y) � sali (x +
y ; y)

���
:

(11)

This theorem indicates that the Diffusion-DPO loss serves as an upper bound for the AM-Softmax
loss [53]. Thus, minimizing the Diffusion-DPO loss with an ideal reference model will also minimize
the AM-Softmax loss. This implies that performing the alignment task results in performing the
classi�cation task for diffusion models.

The second theorem shows that the predicted noise in a diffusion model is a weighted average of
noise estimates across all possible images. To generate an image aligned with a prompt, the model
must increase the weight on the noise corresponding to the aligned image—highlighting that strong
classi�cation ability is essential for alignment.
Theorem 2. (Proof in the supplementary material) LetY = f yi gN

i =1 denoteN text prompts and
D = f x yi g be corresponding aligned images. We assume that the prior prompt distributionp(y) and
image distributionp(x ) are uniform. To describe the discriminative ability, we de�ne the conditional
probabilityp(x jy) as

p(yjx yi ) =

(
n
N y = yi ;

N � n
N (N � 1) y 2 Y � f yi g:

wheren < N: (12)

Then,p(x jy) = p(yjx ) and the optimal diffusion model� opt (x t ; y; t), which achieves minimal
diffusion loss over both the training set and the test set, overD is given by:

� opt (x t ; y; t) =
X

x ( i ) 2 D

wiP
x ( j ) 2 D wj

� � i ; (13)

where� i = x t �
p

� t x ( i )

� t
; � = n (N � 1)

N � n ; wi =

8
<

:

� � exp
�

� kx t �
p

� t x ( i ) k2
2

2� 2
t

�
; x ( i ) 2 f x yg;

exp
�

� kx t �
p

� t x ( i ) k2
2

2� 2
t

�
; x ( i ) 2 D � f x yg:

.

Theorem 2 indicates that the predicted noise of the optimal diffusion model is the weighted average
of the noise� i , which denotes the exact noise contained inx t with respect to the clean image
x ( i ) 2 D. In order to control the diffusion model to approximate the imagex y that is aligned with
the texty, it has to make the predicted noise approximate to the noisex t �

p
� t x y

� t
. This further leads

n to approximateN , which means we maximizep(yjx y). Since diffusion models provide a good
estimation forp(yjx ) according to Equation (4), this implies that once the diffusion model is an ideal
classi�er, the diffusion model� opt (x t ; y; t) will be an ideal alignment model.
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Finally, to enhance understanding, we brie�y interpret the two theorems. Theorem 1 proves that
the AM-Softmax loss is upper bounded by the Diffusion-DPO loss. In other words, minimizing
the Diffusion-DPO loss for better alignment will also reduce the AM-Softmax loss, leading to
improved classi�cation performance. Simply put, better alignment leads to better classi�cation.
Conversely, Theorem 2 shows that, under certain conditions, improved classi�cation leads to better
alignment. Together, these two theorems reveal a strong connection between classi�cation and
alignment, forming the theoretical foundation of our approach, which replaces the DPO loss with the
ABC loss for alignment tasks. We �rst establish a connection between alignment and classi�cation.

4.2 The Connection Between Alignment and Semi-Supervised Learning

Diffusion model alignment is a form of semi-supervised learning using a human preferences dataset.
Speci�cally, Diffusion-DPO [51] is �ne-tuned on Pick-a-Pic [23], a human preference dataset for
text-to-image generation. To construct the dataset, an SFT model generates pairs of images(x 1; x 2)
from a given prompty. These pairs are then shown to human annotators, who indicate a preference,
denoted asx +

y � x �
y , wherex +

y andx �
y are the preferred and dispreferred images, respectively.

Each dataset item is thus a triplet(y; x +
y ; x �

y ). In this setup,y serves as the correct label forx +
y ,

while x �
y lacks a corresponding optimal prompt. As alignment resembles a classi�cation task in

which only half the data has labels, it naturally �ts within a semi-supervised classi�cation framework.

Regularization is critical for stable semi-supervised training. When aligning the diffusion model
using AM-Softmax—as suggested in Theorem 1—the optimization problem reduces to:

min �

X

y2 Y
log

�
1 + exp

�
� (x �

y ; x +
y ; y)

��
; where

�(x � ; x + ; y) = E�;t
�
s� (x + ; y)

�
�

�
E�;t

�
s� (x � ; y)

�
� � � �

:
(14)

Sincex �
y lacks a corresponding prompt, the optimization tends to maximizes� (x �

y ; y), which can
lead tok� � � �

� p
� t x �

y + � t � ; y; t
�
k2

2 becoming arbitrarily large. However, even ifx �
y is less

preferred thanx +
y , this reconstruction error should still remain bounded; otherwise, the diffusion

model will lose its ability to generate valid images. A practical compromise to prevent the loss
from diverging is to select a large� � , effectively modeling an ideal alignment function with large
k� ali (x �

t ;y; y; t) � � k2
2 during DPO optimization. However, this does not fully resolve the issue, which

helps explain why Diffusion-DPO may fail to reliably train diffusion models in some cases.

We regularize classi�cation through data augmentation to mitigate instability caused by missing
prompts in half of the user preference dataset. Speci�cally, we de�ney+ as the original prompty,
and constructy� by appending “The image that aligns less with human preferences” toy. This refor-
mulates each preference tuple(y; x +

y ; x �
y ) into two supervised examples:(y+ ; x y+ ) and(y� ; x y� ).

The task thus becomes a binary classi�cation problem between images conditioned ony+ andy� ,
converting the semi-supervised objective(14) into a fully supervised one(15), which helps stabilize
training by constraining the residual error term.

min �

X

y2 Y

�
log

�
1 + exp

�
� (x y� ; x y+ ; y+ )

��
+ log

�
1 + exp

�
� (x y+ ; x y� ; y� )

���
; where

�(x � ; x + ; y) = E�;t
�
s� (x + ; y)

�
�

�
E�;t

�
s� (x � ; y)

�
� � �

y

�
: (15)

4.3 ABC Loss for Alignment

Theorem 1 shows that optimizing the Diffusion-DPO loss(10)effectively minimizes the AM-Softmax
loss(9). Theorem 2 further demonstrates that achieving ideal alignment requires the diffusion model
to be discriminative. Section 4.2 attributes training instability of alignment to the semi-supervised
nature of the task, which we address through a data augmentation strategy that converts it into a
supervised classi�cation problem. Together, these results support the feasibility of aligning diffusion
models to human preferences via classi�cation.

Alignment by classi�cation imposes an important constraint: the expected score for the less preferred
image,E�;t [s� (x � ; y)], must be properly bounded. If this value becomes too large, the model is
compelled to increaseE�;t [s� (x + ; y)] accordingly, which may cause the diffusion model to fail
in generating coherent images. Conversely, ifE�;t [s� (x � ; y)] is too small, the model becomes
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insuf�ciently discriminative, weakening its ability to align with human preferences according to
Theorem 2. Ideally, the model should maintain a margin-based separation:

E�;t
�
s� (x � ; y)

�
= E�;t

�
s� (x + ; y)

�
+ �; (16)

where� > 0 is a �xed positive margin that ensures both discriminability and stability. To enforce
this constraint, we adopt the Circle loss(8)—a generalized version of the AM-Softmax loss—which
better accommodates the margin-based formulation. Speci�cally, we introduce the Alignment by
Circle (ABC) loss, denoted asL ABC, de�ned as follows:

L ABC(� ) =
X

y2 Y

�
log

�
1 + exp

�
� (x y� ; x y+ ; y+ )

��
+ log

�
1 + exp

�
� (x y+ ; x y� ; y� )

���
; where

�(x � ; x + ; y) = � +
y

�
E�;t

�
s� (x + ; y)

�
� � +

y

�
� � �

y

�
E�;t

�
s� (x � ; y)

�
� � �

y

�
: (17)

Here,� +
y and� �

y act as self-paced weighting factors that adaptively emphasize samples with subopti-
mal scores—speci�cally, those far from their ideal valuesO+

y andO�
y —to ensure stronger gradients

and more effective updates. We de�ne these weights as follows:
�

� +
y = E�;t [s� (x + ; y)] � O+

y ;
� �

y = O�
y � E�;t [s� (x � ; y)] :

�
O+

y = 0 ;
� +

y = 0 :

�
O�

y = sg[E�;t [s� (x +
y ; y)]] + �;

� �
y = sg[E�;t [s� (x +

y ; y)]] + �:
(18)

Sincelog (1 + exp(x)) is a monotonically increasing function, minimizing the loss is equivalent to
minimizing the term�(x � ; x + ; y). Substituting Equation (18) into this term yields:

� (x � ; x + ; y) =
�

E�;t
�
s� (x + ; y)

�
�

O+
y + � +

y

2

� 2

+
�

E�;t
�
s� (x � ; y)

�
�

O�
y + � �

y

2

� 2

; (19)

wheresg[�] denotes stop-gradient (i.e., the value is detached from backpropagation), and� introduces
a soft margin to ensure a separation between positive and negative scores. The minimizer of this
objective can be veri�ed as(0; sg[E�;t [s� (x +

y ; y)]] + � ). Accordingly, the loss drivesE�;t [s� (x + ; y)]
toward 0, while encouragingE�;t [s� (x � ; y)] to approachsg[E�;t [s� (x +

y ; y)]] + � —precisely the
behavior we desire for effective alignment.

5 Experiments

We present both qualitative and quantitative experiments in Section 5.1 to highlight the alignment
advantages of our method. In Section 5.2, we provide a deeper analysis of why our approach
outperforms existing diffusion model alignment techniques. In Section 5.3, we conduct an ablation
study to examine how the hyperparameters in the ABC loss affect alignment quality.

5.1 Human Preference Alignment Comparison

We present both quantitative and qualitative comparisons for human preference alignment. Our
approach builds on the Diffusion-DPO codebase [51]. We train the models using the AdamW [30]
optimizer for SD1.5, Adafactor [45] optimizer for SDXL on8 A6000 GPUs, with a batch size
of 2, gradient accumulation of 128 steps and a learning rate of1 � 10� 8, incorporating a linear
warmup schedule. For SD1.5 and SDXL training,� is set to 0.025. These settings largely follow
the original Diffusion-DPO con�guration, with minor modi�cations to enhance training ef�ciency.
We apply our proposed ABC loss to �ne-tune both the SD1.5 and SDXL base models, resulting
in our SD1.5-ABC and SDXL-ABC variants. For clarity, we adopt a “Model–Method” naming
convention—e.g., SDXL-ABC refers to the SDXL model �ne-tuned with the ABC loss.

5.1.1 Qualitative Comparison

We present a qualitative comparison of SDXL-ABC with SDXL-Base, SDXL-DPO [51], SDXL-
SPO [27], and SDXL-MAPO [20] in Figure 1, where SDXL-Base represents the original SDXL-1.0
model. As shown in Figure 1, SDXL-ABC generates images with clear improvements in text-image
alignment. To assist readers in identifying mismatches between the text and the generated images, we
highlight relevant textual phrases in color and enclose the corresponding image regions in bounding
boxes. Our method incorporates human preferences through direct optimization based on user
feedback, resulting in more engaging visuals, such as vivid color palettes, dramatic lighting, coherent
compositions, �ne detail, creative elements, consistent color harmony, and structured multi-object
arrangements. More important, the generated text-image pairs are also more semantically aligned.
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