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Figure 1. The comparison among images guided by various correlated texts. In the first row, columns one to four show that the pre-trained
model fails to generate the object indicated by the red token in the prompt, even with different seeds. Columns five to eight further confirm
that this issue occurs across various correlated objects. In contrast, our method could prevent object omission, as shown in the second row.

Abstract
The fundamental requirement for text-to-image genera-

tion is aligning the generated images with the provided text.
With large-scale data, pre-trained Stable Diffusion (SD)
models have achieved remarkable performance in this task.
These models process an input prompt as text control, guid-
ing a vision model to perform denoising operations that re-
cover a clean image from pure noise. However, we observe
that when there is correlation among text tokens, SD’s gen-
erated images fail to accurately represent the semantics of
the input prompt: simple yet crucial objects may be omitted,
thereby disrupting text-image alignment. We refer to this
problem as “object omission”. Without additional external
knowledge, previous methods have been ineffective at ad-
dressing this issue. To investigate this problem, we analyze
the attention maps in SD and find that biased text represen-
tations mislead the visual denoising process when handling
correlated tokens, impeding object generation. Moreover,
we observe that even when two prompts share the same se-
mantics, slight variations in token sequence significantly al-
ter attention scores, consequently affecting the final gener-
ated images. Based on these findings, we propose a simple
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‡ Code: https://github.com/YunzeTong/DecorrelationDiffusion.

yet effective fine-tuning method that applies decorrelation
to the self-attention maps in the text module, thus reducing
dependencies between tokens. Our approach requires no
external prior knowledge, is straightforward to implement,
and operates solely on the text module of the SD model.
Extensive experiments confirm that our method effectively
alleviates the object omission problem under text correla-
tions, thereby enhancing text-image alignment. ‡

1. Introduction
Text-to-image (T2I) generation involves creating images
that reflect textual prompts, requiring a high degree of align-
ment between the text and the visual output. Stable Diffu-
sion (SD) [29] has achieved remarkable performance in this
area, yet it still faces challenges with text-image misalign-
ment for certain prompts. Most previous methods incor-
porate external prior knowledge, such as human-provided
reference images or auxiliary models, to refine image de-
tails and stylistic fidelity [6, 18, 26, 39, 43, 45, 46]. While
these approaches appear promising, they rest on an implicit
yet critical assumption: the pre-trained model is capable of
generating all objects referenced in the textual prompt.

Strikingly, our findings reveal that this assumption does
not hold when handling text prompts involving objects that
are semantically corrrelated. To explore this issue, we gen-
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(a) an old train
with rusty tracks

(b) rusty tracks
with an old train

(c) an old train (d) rusty tracks

Figure 2. The comparison of generated image from pre-trained
model under different prompts’ control. Only Figure 2b fails to
present all the objects in the given prompt due to correlation.

erated prompts using GPT-4 [1] and sampled corresponding
images with SD. As shown in the first row of Figure 1, our
analysis indicates that SD frequently fails to present all ref-
erenced objects in these cases, resulting in a text-image mis-
alignment we refer to as the object omission problem. Since
SD itself even fails to generate basic layouts for required
semantics, previous methods focusing solely on detail and
style optimization are insufficient to address the issue.

This study investigates how improper correlation causes
misalignment in SD’s workflow. SD consists of two mod-
ules: a text module that encodes the input prompt as text
control, and a vision module that generates images through
iterative denoising operations. Our experiments reveal that
object omission primarily stems from biases in the text
module, rather than vision module’s incapability to present
objects. For example, while the vision module can inde-
pendently generate “train” and “tracks” (as shown in Fig-
ures 2c and 2d), the text module tends to produce correlated
latent representations when processing prompts with corre-
lated objects like “rusty tracks with an old train”. These
correlated latents reflect token semantic overlap and bias
the vision module toward one object. During denoising, SD
prioritizes the dominant object, causing “train” omission
in Figure 2b. In summary, correlated text input disrupts
the denoising process, preventing certain object from being
generated. For further analysis, please refer to Section 4.2.

We further investigate an intriguing observation in the
text module’s behavior: token order in a prompt directly in-
fluences whether all objects appear in the image. As shown
in Figures 2a and 2b, swapping the positions of “train” and
“tracks” in the prompt results in either the appearance or
the omission of “train”. This effect arises from the self-
attention mechanism, where different token arrangements
modify how tokens attend to each other, leading to varying
degrees of correlation reflected in attention scores. Higher
attention scores imply stronger correlations between tokens,
which may cause one token to be more semantically dom-
inated by another, potentially biasing the generation and
causing object omission as shown in Figure 2b. Conversely,
a token order that induces moderate attention scores allows
all objects to be generated consistently (see Table 1).

Motivated by this insight, we propose a simple yet effec-
tive method to avoid the object omission problem without

relying on prior knowledge, thereby enhancing text-image
alignment. Our approach involves reducing the attention
scores from the highest correlated token to the target token
representing the omitted object. We then select fine-tuned
model checkpoints based on two criteria: (1) the extent of
decorrelation achieved between the focused tokens, and (2)
the preservation of interactions among irrelevant tokens. Fi-
nally, we improve the sampling guidance by incorporating
both our fine-tuned model and the original pre-trained ver-
sion to strengthen decorrelation. These adjustments effec-
tively reduce correlation among key tokens while maintain-
ing the attention patterns of unrelated ones.

To summarize, our contributions are listed as follows:
• We identify the issue that correlations between text tokens

introduce object omission in T2I generation, which previ-
ous methods cannot address without prior knowledge.

• We conduct a comprehensive analysis and find that the
problem stems from the text module in SD, which is typ-
ically derived from CLIP [27] and exhibits bias.

• We propose a simple yet effective method that adjusts
self-attention maps in the text module without relying
on external knowledge, thereby successfully generating
omitted objects and enhancing text-image alignment.

2. Related Works

Diffusion Models. Diffusion models (DMs) [8, 15] have
achieved success in text-to-image generation and other ar-
eas [34, 41]. When paired with a UNet or transformer back-
bone, DMs can sample a clean image progressively from a
noisy input. Previous works [32] further described the esti-
mated noise during the denoising process as the score, i.e.,
the gradient of the log-likelihood of the transformed dis-
tribution. Latent diffusion models [29] operate in a com-
pressed latent space, enabling efficien training on large-
scale data. In addition, improvements in sampling tech-
niques have also accelerated sampling speeds. For exam-
ple, DDIM [31] applies a non-Markovian process, which
enhances denoising efficiency.
Attention-based Methods for Diffusion Models. The at-
tention mechanism [35] has proven to be highly effective
in modeling complex input dependencies and is widely em-
ployed in DMs. The attention map, which represents the
multiplication matrix of the query and key, contains rich
representations and can partially reflect semantic consis-
tency. As a result, many studies leverage this map for spe-
cific purposes. For example, self-attention maps in UNet
are commonly used to construct desired spatial layouts or
ensure the generation of specified objects [2, 4, 5, 16, 19,
22]. In addition, cross-attention maps are crucial for link-
ing text information with visual pixels. Several methods
[12, 26, 39, 44] enhance this connection by modifying the
cross-attention modules, thereby improving the generation
of images with desired properties for downstream tasks.
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3. Preliminaries
3.1. Latent Diffusion Models
Latent Diffusion Models (LDMs) first compress images
into latent representations using a pre-trained variational
autoencoder (VAE). The diffusion process is then applied
in the latent space for efficient modeling. Training a dif-
fusion model consists of a forward and a backward pro-
cess. The forward process adds Gaussian noises to the
clean sample x0, resulting in a noisy sample xt. The dis-
tribution of xt conditioned on x0 is given by q(xt|x0) =
N (xt;

√
ᾱtx0, (1 − ᾱt)I), where t represents the timestep

and controls the noise scale via ᾱt =
∏t

i=1 αi. The
backward process aims to recover x0 from the noisy sam-
ple xt using p(xt−1|xt) = N (xt−1;µt(xt, t), σ

2
t I), where

µt(xt, t) =
1√
αt
(xt − 1−αt√

1−ᾱt
ϵ), σ2

t = 1−ᾱt−1

1−ᾱt
βt, and βt =

1−αt. Here, ϵ denotes the noise, which is the only uncertain
variable. A neural network ϵθ is trained to predict ϵ, mini-
mizing the objective: L = Ex0,t,ϵ∼N (0,I) ∥ϵ− ϵθ(xt, t)∥22,
for t ∈ {1, ..., T}. The sampling process begins with pure
noise xT . The noise at different scales is progressively es-
timated and subtracted until the clean sample x0 is recon-
structed. In addition, researchers often include the prompt
c as an input to ϵθ to integrate text information during the
denoising process, resulting in ϵθ(xt, t, c).

3.2. Sampling Guidance
To generate samples with specific labels, classifier-free
guidance (CFG) [14] is widely used to conduct efficient text
control. CFG utilizes an unconditional denoising diffusion
model pθ(xt) parameterized by ϵθ(xt, t), alongside a con-
ditional model pθ(xt|c) parameterized by ϵθ(xt, t, c). A
single neural network is used to parameterize both models,
with a null token ∅ input for the class identifier in the un-
conditional model. The final score is given by:

ϵ̃θ(xt, t, c) = (1 + w)ϵθ(xt, t, c)− wϵθ(xt, t). (1)

Eq. 1 allows CFG to be easily adapted by modifying the de-
tails of the terms involved. Many works [2, 16, 20] have
adapted it as a form of sampling guidance for various pur-
poses. Regarding why CFG and its variants significantly
improve image generation, recent works [20] demonstrated
that CFG enhances image quality beyond simply applying
conditional control. The improvement is also attributed to
its adaptive truncation, which guides the sample towards
higher-quality outputs. In this case, even an inferior version
of the model itself could help guide sampling.

3.3. Attention Modules in Stable Diffusion
Stable Diffusion models [29] are a subset of latent diffusion
models. In this study, we adopt the SD model as our back-
bone and focus on addressing issues within its workflow.
This section provides a brief overview of the attention mod-
ules in SD, which will serve as a foundation for the prob-

lem analysis and proposed method in Sections 4 and 5. The
Transformer architecture [35] has demonstrated the capa-
bility of attention mechanisms to model complex dependen-
cies and semantic relationships across inputs. Three distinct
attention blocks contribute to SD: (1) The self-attention
map in the text encoder captures interactions between text-
level tokens. Since SD’s text encoder is typically derived
from the CLIP model [27], it does not undergo the same
pre-training process as the UNet in the vision model. Addi-
tionally, attention probabilities for each token are assigned
only to tokens that precede it in the sequence. (2) The self-
attention map in vision modules reflects the relationships
between image features while preserving spatial informa-
tion. Several methods [2, 16, 22], particularly for image-
editing tasks, exploit it to refine the layout and achieve de-
sired outcomes. (3) The cross-attention map plays a criti-
cal role in linking texts with image content, enabling SD to
align prompt tokens with corresponding image areas [22].
Many studies [12, 26, 39, 44] leverage cross-attention maps
to refine the semantics of generated images.

4. Problem Settings and Analysis
4.1. Misalignment Induced by Text Correlation
In the text-to-image generation task, the primary objective
is to achieve alignment between the provided text descrip-
tions and the generated images. As a result, many studies
[2, 4, 23, 26, 30, 42, 44] have focused on enhancing this
alignment by improving the detail of the generated images,
such as using prior information [10, 38] to refine the style or
spatial arrangement. These approaches often rely on a key
assumption: the pre-trained Stable Diffusion (SD) model
possesses the ability to generate coarse yet accurate layouts,
particularly for noun objects specified in the prompt. Build-
ing on this assumption, these methods further achieve su-
perior text-image alignment. However, we raise a critical
question regarding the inherent capabilities of SD: Are the
images produced by SD always capable of correctly con-
veying the semantics required by the provided prompt?

To evaluate whether the pre-trained SD model consis-
tently captures the fundamental semantics of a given text,
we conducted experiments using various prompts generated
by GPT-4 [1]. These prompts were composed of common
words and free from counterfactual scenarios. Despite this,
we observed a recurring issue: in the first row of Figure 1,
generated images often fail to fully depict even the key, sim-
ple words in the prompt. A notable feature of these prob-
lematic prompts is the presence of a word that is highly cor-
related with another word. In such cases, text-image align-
ment degrades significantly. In other words, misalignment
often involves with the correlation among input texts.
The most apparent manifestation of this issue is the omis-
sion of essential objects referenced in the prompt. Further-
more, we observed that for such prompts, the input text typ-
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“train” “tracks” (itself) Ratio

0.0444 0.0769 0.0444
0.0769 ≈ 0.57

Table 1. The attention probability
from a given token to “tracks” in “an
old train with rusty tracks”.

“tracks” “train” (itself) Ratio

0.0611 0.0550 0.0611
0.0550 ≈ 1.11(↑)

Table 2. The attention probability
from a given token to “train” in
“rusty tracks with an old train”.

train

tracks

𝑡 = 𝑇
denoising process

𝑡 = 0

…

final
image

(a) the successful denoising during sampling conditioned on “an old train with rusty tracks”

train

tracks
…

(b) the unsuccessful denoising during sampling conditioned on “rusty tracks with an old train”

Figure 3: The cross-attention probabilities with “train” (“tracks”) token at different noise levels.
At the end of denoising process (t = 0), Figure 3a clearly demonstrates two objects while the
cross-attention scores are similar and the object “train” has not been generated in Figure 3b.

ically exhibits a unidirectional correlation between its two
nouns: one token is strongly correlated with another from a
human perspective, while the reverse correlation does not
always hold. For example, when prompted with “rusty
tracks with an old train”, SD generates tracks but omits any
reference to the train in Figure 2b. In real-world scenarios,
trains are always associated with tracks because they cannot
operate without them. However, tracks are not necessarily
associated with trains; it is common for tracks to be empty,
with no train present. We describe this relationship as a uni-
directional correlation—it holds from one object to another
but does not necessarily apply in the opposite direction.

In summary, we observe that misalignment often arises
from correlations among input text tokens. In this study, we
focus on one of its most challenging manifestations: the ob-
ject omission problem caused by unidirectional correlation
between two tokens in the input prompt. Without extra prior
knowledge, previous methods are unable to address this is-
sue, as the SD model itself fails to generate the fundamental
semantics correctly. In such cases, techniques for refining
details become ineffective. Our goal is to investigate how
this problem arises and propose an approach to enhance
text-image alignment without relying on prior knowledge.

4.2. Analysis based on the Attention Modules
SD consists of two modules: the text module and the vision
module. The text module processes the input prompt and
provides conditional control to the vision module, which
then performs denoising operations. In this section, we re-
view the workflow of SD to identify the root cause of the
object omission problem referred in Section 4.1. We will
then analyze and explain the underlying mechanism.
Is the vision module in the diffusion model unable to
generate the specific missing object? The object omis-
sion issue arises when there is a correlation among prompt
tokens. To explore whether this problem persists when there
is no correlation, we investigate whether the incapability of
SD itself leads to the failure. For each prompt, we split it
into two separate prompts, each containing only one object,
and conduct sampling. We observe that SD can generate

each object successfully in separate images. For example,
in Figures 2c and 2d, the words “train” and “tracks” are
each accurately represented. This confirms that the vision
module is capable of constructing essential objects, as oth-
erwise, the object layout would not appear in any image.
Does the text module convey correlated semantics? The
key difference between Figures 2a and 2b lies in the con-
ditional control provided by the text input. Having estab-
lished that the object omission issue does not stem from the
vision module’s limitations in SD, we now turn to the text
module as the source of misalignment caused by correla-
tion. To investigate whether the text module introduces such
correlations into its representation, we conduct a quantita-
tive analysis by examining its self-attention maps. The text
module in our base SD model is derived from CLIP [27].
As explained in Section 3.3, its self-attention map is gener-
ated by multiplying the query and key matrices. The tokens
are processed in an auto-regressive manner, with the atten-
tion maps of each token assigned only to tokens preceding
it in the sequence. As a result, the values in each row form
a complete probability distribution, reflecting the extent of
correlation between different tokens.

We demonstrate the generation results of two prompts
with the same meaning: “rusty tracks with an old train”
and “an old train with rusty tracks”. Both prompts con-
tain the same object nouns, “train” and “tracks”. How-
ever, as shown in Figure 2b, which is conditioned on “rusty
tracks with an old train”, the model fails to generate the
train. In contrast, Figure 2a correctly generates both the
train and tracks, aligning well with the prompt. To investi-
gate further, we extract the self-attention probabilities and
examine the attention values between the tokens represent-
ing “train” and “tracks” in Table 1 and 2. From Table 2,
we observe that the attention value from “tracks” to “train”
is significantly higher than the attention from “train” to it-
self, indicating a unidirectional correlation that affects the
model’s performance. In the successful prompt, the atten-
tion from “train” to “tracks” is moderate, corresponding to
the correct generation. In summary, unidirectional correla-
tions influence the attention weights between tokens, intro-
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ducing bias into the text representation of the prompt and
ultimately causing the misalignment problem.
How does the bias in text module disturb the denoising
process? In this part, we aim to reveal how the bias in
text representation, which arises from unidirectional corre-
lations in the prompt, affects the vision module’s denoising
process. We begin by observing the behavior of the cross-
attention layers. As discussed in Section 3.3, cross-attention
maps align the semantics of tokens with image pixels. We
visualize the cross-attention maps for the two tokens, with
pixels receiving higher attention assigned warmer colors.
To illustrate the evolution of the attention process, we select
several denoising timesteps, as shown in Figure 3. At the
initial denoising stage (t = T ), the cross-attention scores
are randomly distributed, as the image is pure noise. As de-
noising progresses, the cross-attention scores for different
tokens evolve. In Figure 3a, the attention on “tracks” and
“train” gradually concentrates on different spatial areas of
the image, as indicated by the red box. In contrast, in Fig-
ure 3b, the attention scores for the two tokens are almost
identical. This is due to the correlation between the two to-
kens. Generating the framework for “tracks” inadvertently
reflects the semantics of “train”, preventing the model from
generating “train” independently. By the end of the denois-
ing process (t = 0), Figure 3a shows both objects, while
Figure 3b does not. In the latter case, the attention weights
for “train” are nearly identical to those for “tracks”, illus-
trating how the correlation between tokens influences the
denoising process. One object’s semantics effectively re-
place the other’s, leading to the omission of the latter.

The text module in SD introduces bias and outputs corre-
lated representations for correlated tokens. This bias prop-
agates into the vision module, leading to object omission.
From the biased model’s view, the representations of corre-
lated tokens are inherently similar. Losing one object does
not disrupt alignment because the other object still con-
veys the missing object’s semantics. However, from a hu-
man perspective, this results in severe misalignment. For-
tunately, we observe that simply changing the sequence of
tokens, as shown in Tables 1 and 2, reduces the correla-
tion and significantly improves text-image alignment. In
the next section, we propose decorrelating tokens at the text
level to enhance the image generation process.

5. Method
5.1. Decorrelation-based Fine-tuning
We have demonstrated that the bias introduced by token cor-
relations presents challenges for text-image alignment. This
bias cannot be alleviated without prior information if opera-
tions are limited to the vision modules of a diffusion model.
However, we also show that the bias in the text encoder is
often accompanied by improper attention weights, primar-
ily due to one token being over-correlated with another. As

−

TOK[𝑠corr]TOK[𝑠target]

EOS

rusty tracks with an old train EOSBOS

BOS
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TOK[𝑠corr] TOK[𝑠target]
Fine-tuned Model’s Attention Map #𝐀

Pre-trained Model’s Attention Map Aref

Absolute Difference Adiff

Figure 4. The illustration of
an averaged self-attention
map during fine-tuning.
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Figure 5. The computation process
for Adiff during model selection.

a result, we focus on fine-tuning the self-attention blocks in
the text module to address the misalignment issue.

We use TOK to denote the token list after tokenization,
where TOK[0] refers to the BOS token. As shown in Fig-
ure 4, we extract the self-attention map from all heads and
compute their mean, denoted as A. A[i, j] represents the
attention probability from the j-th token to the i-th token.
starget refers to the index of the token that aligns with the
missing object (highlighted in the red block). We then de-
fine a set S = {s | 1 ≤ s ≤ starget}, which is shown in
gold in Figure 4. S contains the indices of all tokens that
precede the target token TOK[starget], excluding the BOS
token. Within S , we select the token with the highest at-
tention value on TOK[starget] and denote it as TOK[scorr].
In Section 4.2, we demonstrated that high attention values
often indicate bias and correlation. Therefore, we reduce
A[starget, scorr] by applying the following loss function:

Ltrain = A[starget, scorr]−min(A[starget,S]). (2)

We define Eq. 2 as a subtraction to prevent A[starget, scorr]
from becoming zero. Though Eq. 2 changes the original
attention probabilities, it maintains the interaction among
unfocused tokens as possible instead of forcing the specific
attention probability to a constant value. As the fine-tuning
progresses, the optimized model checkpoints reflect varying
levels of decorrelation, from biased to debiased.

5.2. Model Selection
In Section 5.1, we defined an optimization process that re-
duces the unidirectional correlation between tokens by ad-
justing the self-attention weights. The next step is selecting
the best checkpoint for final sampling. We denote the self-
attention map of the fine-tuned text encoder as Ã. In this
section, we propose a criterion to evaluate the fine-tuned
model using Ã, which considers two main factors.

Decorrelation between the focused tokens should be
achieved. To address the object omission problem caused
by bias, the correlation between TOK[tcorr] and TOK[ttarget]
should be adequately reduced. We use the following crite-
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rion to measure the extent of this correlation:

Lcorr = log
Ã[starget, scorr]

Ã[starget, starget]
. (3)

Smaller values of Lcorr indicates a larger gap between the
attention values, signifying more effective decorrelation.

The relationships among irrelevant tokens should be
preserved and aligned with the pre-trained version as
possible. This goal ensures that only the attention proba-
bilities for the focused tokens are adjusted, while the rela-
tionships among other tokens remain intact. As a result, the
text control sent to the vision module guides the generation
of the missing object without disrupting the overall image
structure. To assess the preservation, we use the attention
map from pre-trained model Aref as a reference. The abso-
lute difference between the fine-tuned attention map and the
reference is denoted as Adiff = |Ã−Aref|. We then select the
blue entries from Adiff in Figure 5 and denote them as A′

diff.
We exclude three specific gray entries , since they reflect
the attention values for the focused tokens. The excluded
entries are subject to change during fine-tuning and do not
represent the behavior of irrelevant tokens. Finally, we mea-
sure preservation by taking the maximum value from A′

diff:

Lalign = max(A′
diff). (4)

We note that there is a trade-off between the two criteria.
Modifying the attention probability between focused tokens
inevitably affects the relationships among others. There-
fore, we combine them into a single evaluation term:

Lval = Lcorr + τLalign. (5)

We use Lval to evaluate each checkpoint during optimiza-
tion, with τ controlling the balance between the two terms.

5.3. Sampling Guidance
After fine-tuning the models, we proceed to sample im-
ages. As introduced in Section 3.2, classifier-free guid-
ance (CFG) is commonly used for sampling. Eq. 1 controls
the generation process by varying the conditional input and
the negative unconditional input. Some studies [2, 20] in-
terpret CFG’s improvement as truncation that pushes the
sample towards higher-quality outputs. We follow their
ideas for further decorrelation. To be specific, we use
our fine-tuned model θ̃ to provide the conditional control
ϵθ̃(xt, t, c), while using the pre-trained model for the neg-
ative embedding ϵθ(xt, t). The predicted noise is given by:

ϵ̃θ,θ̃(xt, t, c) = (1 + w)ϵθ̃(xt, t, c)− wϵθ(xt, t). (6)

The idea behind this approach is to increase the difference
between the pre-trained text embedding and our fine-tuned

version. The unconditional control from the biased pre-
trained model acts as negative guidance, while the less bi-
ased fine-tuned model provides better generation direction.
Therefore, our sampling guidance not only improves text
control but also strengthens decorrelation during the denois-
ing process by differentiating between the models.

6. Experiments
6.1. Experimental Settings
Evaluation Metrics. Since our focus is on generating im-
ages that meet text requirements under correlations, align-
ment serves as the primary evaluation criterion for our
method. We assess alignment from two perspectives:
• Text-image alignment: We use BERTScore introduced by

DDPO [3, 17]. A description is generated for an image
using a vision-language model. BERT’s recall metric [7]
is then used to measure the semantic similarity between
the original prompt and the generated description. For
implementation, we use the instruction-tuned 7B Qwen2-
VL [36] as the vision-language model and the DeBERTa
xlarge model [11] to obtain the representations of both the
prompt and description for BERTScore calculation.

• Image-image alignment: In addition to text-level evalu-
ation, we also assess alignment at the visual level. First,
we collect images from other sources and manually select
those that align well with the prompt. We then compute
the Fréchet Inception Distance (FID) [13] between these
filtered images and our generated ones. For implementa-
tion, we use Emu3 [37] to generate candidate images for
selection. Emu3’s generation process is based on next-
token prediction, differing from the denoising process of
diffusion models. Using different evaluation (autoregres-
sive) and evaluated (diffusion) models helps avoid over-
laps in image styles and layouts, ensuring the evaluation
focuses more on semantic alignment.

Compared Baselines. We compare our method with sev-
eral baselines: the pre-trained model, PAG [2], Attend-
and-Excite (AaE) [5], and DisenDiff [44]. The pre-trained
model serves as a fundamental baseline. PAG modifies
self-attention maps in the diffusion U-Net by replacing
them with an identity matrix during sampling. AaE uti-
lizes cross-attention units to achieve patch separation for
tokens. DisenDiff is a fine-tuning-based method that uses
cross-attention maps in the diffusion U-Net to disentangle
different objects. These methods do not rely on extra prior
information, such as external models [24], human-provided
reference images [42], or auxiliary tasks [33, 39], aligning
with the problem setting in Section 4.1.1 Although these
methods all involve attention modules, they target different
attention maps and focus on distinct training or sampling

1For DisenDiff, we use images generated by the pre-trained model as
training data to avoid introducing extra information.
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“a serene trail reaches a neat 
trash bin”

Pretrained PAG DisenDiff Ours

“a worn-out road with a passing
car”

“an old bench displays a 
worn cushion”

“narrow tracks are sped across by 
a bright train”

“rusty tracks with an old train”

Pretrained PAG DisenDiff Ours Pretrained PAG DisenDiff Ours

“cracked pavement with a lone 
sneaker”

“abandoned platform with a 
forgotten suitcase”

“a quiet highway reveals a worn 
tire”

“sturdy tracks carry a freight 
train”

Figure 6. The qualitative comparison between generated images. The first column displays results for the same object pair with different
decorations, while the remaining columns present different object pairs.

methods. Comparing our method with these baselines high-
lights the benefits of fine-tuning the self-attention module
of the text encoder in diffusion models.
Implementation Details. Our experiments are conducted
on an NVIDIA A100 GPU. We use Stable Diffusion V1.52

as the base model to generate 512 × 512 resolution im-
ages. The seed setting, which affects the initial noise during
sampling, is kept the same when comparing image gener-
ation across different methods. For the implementation of
our method, fine-tuning is performed on the self-attention
maps extracted from cond stage model.transfor
mer.text model.encoder.layers.11.self a
ttn. The training consists of 20 epochs, with our val-
idation criterion applied at each epoch to select the best
model. Once the fine-tuned text encoder is obtained, we
set w = 7.5 for sample guidance and τ = 5 for the evalu-
ation balance term. For other methods, we use the default
hyperparameters recommended in their public repositories.

6.2. Comparison Results

Qualitative comparison. Figure 6 shows the generated im-
ages from our method and the baselines. There are two
key observations. First, our approach, using a decorrelation
strategy, successfully generates all the objects in the given
prompt. In contrast, baseline methods often fail to generate
at least one object due to unidirectional correlation, as dis-
cussed in Section 4. Second, the images generated by our
method retain a layout structure similar to those from the
pre-trained model. This confirms that our method achieves
decorrelation without significantly altering the image struc-
ture. The vision module’s capabilities in the pre-trained
model are preserved. The only change in the samples is

2https://huggingface.co/stable-diffusion-v1-5/stable-diffusion-v1-5

the successful reconstruction of the missing objects, further
demonstrating that our Lalign in Eq. 4 effectively preserves
the relationships among irrelevant tokens.
Quantitative comparison. Table 3 shows the quantitative
comparison for alignment. Higher BERTScore and lower
FID indicate better text-image and image-image alignment.
The overall comparison is presented in second to third
columns. We collected 30 prompts generated by GPT-4 [1],
each containing a correlated object pair. For each prompt,
we generated 50 images and computed the average statis-
tics. The results show that our method generalizes well to
different correlated object pairs. Next, we examine whether
our method can handle prompts with the same objects but
different descriptions. For each correlated object pair, we
created 3 different prompts by varying the verbs, adjectives,
etc. We sampled 500 images for each prompt and com-
puted the average for all 3×500 samples. The results in the
forth to ninth columns of Table 3 show the effectiveness of
our method across various prompt structures. Regardless of
the variation in other words, our method successfully per-
forms decorrelation to improve text-image alignment when-
ever unidirectional correlations are present.
User Study. Aside from model-based evaluation, we also
conduct a human preference test. Two different prompts
were selected for each object pair in Table 3, and images
generated with five different seeds for each prompt were
randomly chosen, resulting in a total of 3×2×5 comparisons.
The results were randomly presented to the raters. Each
comparison was rated on a 5-point scale, with 5 being the
best. Participants evaluated two criteria: text-image align-
ment and image quality. The comparison results, shown in
Table 4, demonstrate the overwhelming superiority of our
method in text-image alignment, confirming that our sam-
ples align better with the prompts from a human perspec-
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Methods Overall Object Pair 1 Object Pair 2 Object Pair 3

BERTScore ↑ FID ↓ BERTScore ↑ FID ↓ BERTScore ↑ FID ↓ BERTScore ↑ FID ↓
Pre-trained Model [29] 75.74 ±2.30 290.57 76.99 ±1.23 200.40 78.67 ±1.61 300.74 75.14 ±2.18 261.28
PAG [2] 75.41 ±2.23 276.77 76.74 ±1.50 188.46 78.12 ±1.83 278.86 74.72 ±2.26 235.27
AaE [5] 75.97 ±1.69 276.27 76.94 ±1.26 175.37 78.98 ±0.95 273.55 75.83 ±2.56 155.90
DisenDiff [44] 75.93 ±2.61 308.16 77.07 ±1.05 217.59 79.02 ±1.38 300.74 74.55 ±1.61 307.47

Ours 76.35 ±2.44 243.11 77.68 ±1.07 137.29 79.68 ±1.49 232.42 75.92 ±2.14 170.79

Table 3. The comparison for text-image alignment (denoted by BERTScore) and image-image alignment (denoted by FID). We omit the %
for BERTScore and record the average standard deviation. The bold and underline denote the best and the second best results respectively.

tive. In addition, our images received high ratings for qual-
ity, indicating that decorrelation is achieved without sacri-
ficing fidelity.

Method Alignment ↑ Fidelity ↑
Pre-trained Model [29] 1.86 ±0.50 2.87 ±0.35

PAG [2] 1.81 ±0.51 2.81 ±0.47

DisenDiff [44] 1.98 ±0.75 2.53 ±0.57

Ours 3.60 ±0.56 3.79 ±0.40

Table 4. Text-image alignment and image fidelity evaluated by our
user study. Higher rating implies better alignment with human.

6.3. Ablation Studies
6.3.1. The Effect of Our Sampling Guidance
In Section 5.3, we propose using our debiased model for
conditional control and the pre-trained model for uncondi-
tional control. This approach aims to enhance decorrelation
and guide the vision model towards better generation. The
comparison with standard classifier-free guidance (CFG) is
shown in Figure 7. As observed, CFG with the pre-trained
biased model struggles to present all the objects in the left
figures. The middle figures, generated by CFG with our
fine-tuned model, produce some complete objects but fail
to form valid spatial structures for others. In contrast, by
applying our sampling guidance, which uses both models
separately, decorrelation is enhanced, and all the figures on
the right successfully generate all objects.

w/ biased 
encoder

w/ debiased 
encoder

w/ our dual 
encoders

“a serene trail reaches a neat trash bin”

“a snowy trail crunches toward a trash bin”

w/ biased encoder w/ debiased encoder w/ our dual encoders

“a dusty road with a modern car”

“rusty tracks with an old train”

w/ biased 
encoder

w/ debiased 
encoder

w/ our dual 
encoders

Figure 7. The comparison between the images generated w/ and
w/o our sampling guidance.

6.3.2. The Sensitivity Analysis
In Section 5.2, we use Eq. 5 to select models. It consists
of two terms: one representing the level of decorrelation

τ Epoch

1 12
3 11
5 11
7 11
10 9

Table 5. The ab-
lation study on τ
and its correspond-
ing selected epoch.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Epochs

-3

-2

-1

0

1

Validation Loss

total

corr

align

0.0

0.2

0.4

0.6

0.8

1.0

Epoch=20

Epoch=1

Figure 8. The loss curves of all the valida-
tion terms in Section 5.2.

among focused tokens and the other representing the preser-
vation of relationships among irrelevant tokens. The bal-
ance between these terms is controlled by τ . We investigate
the sensitivity of model selection to changes in τ . Note that
Lval does not influence the fine-tuning process Different val-
ues of τ may still select the same model at certain stages.
To test this, we use the prompt “a peaceful trail stops at a
trash bin” and record the model epoch selected for differ-
ent values of τ in Table 5. We could observe that our model
selection strategy is insensitive to changes in τ .

We also plot the loss curve for all validation terms in
Figure 8. As discussed in Section 5.2, there is a trade-off
between Lcorr and Lalign. As fine-tuning reaches the 11th
epoch, we select the optimal model, which does not neces-
sarily achieve the minimum loss for both terms. However,
we observe that Ltotal follows a smooth trend, further con-
firming that our method is insensitive to τ .

7. Conclusion
In this paper, we analyze how token correlations induce
text-image misalignment in Stable Diffusion (SD). Using
the object omission problem as a case study, we examine
how unidirectional correlation between tokens causes the
omission of objects. We attribute this issue to the biased text
representations generated by SD’s text module. Under their
biased guidance, the visual denoising process is misled, re-
sulting in text-image misalignment. To address this issue,
we propose a fine-tuning method based on the self-attention
maps in the text module. Without any prior knowledge, our
method could reconstruct objects that the pre-trained model
fails to generate, thereby improving text-image alignment.
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