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 a b s t r a c t

Text-to-image diffusion models have demonstrated remarkable capabilities in generating high-quality and diverse 
images. However, they remain vulnerable to semantic leakage arising from contextual bias, which often leads to 
misalignment between textual prompts and generated content. To address this issue, we propose Context-Aware
Latent Space Mediation (CALM)—an inference-time optimization framework designed to enhance semantic align-
ment dynamically during inference. CALM identifies and mitigates contextual biases by comparing semantic 
similarities within and across semantic groups, adaptively reweighting contextual representations to reduce mis-
alignment. To further resolve semantic conflicts in attention maps, we introduce a token–region alignment loss 
that minimizes rendering uncertainty in modifier relationships, thereby preserving consistency between objects 
and their attributes. Moreover, CALM employs supervised contrastive binding to optimize attention distributions 
across distinct semantic groups in the latent space, effectively enhancing inter-group distinction while preventing 
semantic entanglement and interference. Comprehensive experiments on five publicly available datasets demon-
strate that CALM is architecture-agnostic, consistently improving both semantic alignment and image quality 
without retraining or fine-tuning. On GenEval and T2I-CompBench, CALM boosts the performance of multi-
ple diffusion backbones by over 20%, confirming its effectiveness and generalizability. The code is available at 
https://github.com/TheShy-Dream/CALM-official.

1.  Introduction

Diffusion models
(Balaji et al., 2022; Esser et al., 2024; Podell et al., 2023; Ramesh et al., 
2022; Rombach et al., 2022) have recently emerged as a powerful 
technique in text-to-image generation, leveraging their ability to 
progressively refine noise into meaningful images guided by free-form 
text prompts. Although they have made substantial progress, recent 
work (Chefer et al., 2023; Du et al., 2023) has highlighted their 
vulnerabilities, potentially resulting in catastrophic omission, semantic 
leakage, and other forms of semantic misalignment with the prompts 
(Agarwal et al., 2023; Bai et al., 2025; Zhang et al., 2024b).

Prior research has focused on enhancing semantic alignment be-
tween prompts and generated images, especially when prompts in-
volve multiple distinct objects and intricate attribute-object relation-
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ships. Composable Diffusion (Liu et al., 2022) combines diffusion models 
to generate complex images from unseen concept combinations using 
operators. However, this often causes confusion or blending between 
multiple objects. Prompt-to-prompt (Hertz et al., 2022) inspires atten-
tion editing techniques in the latent space. Some works (Agarwal et al., 
2023; Chefer et al., 2023; Guo et al., 2024) focus on the presence of 
objects and attributes. They improve the latent representation by intro-
ducing specific losses to control potential attention overlap, retention, 
and other conflicts. Other work (Feng et al., 2022; Li et al., 2023; Rassin 
et al., 2023; Zhang et al., 2024b) concentrates on improving the binding 
quality between attributes and objects. They prevent semantic leakage 
through techniques such as binding loss, energy-based latent optimiza-
tion, and attention vector replacement.

Although prior work has improved semantic fidelity to prompts, 
these approaches overlook that such issues originate from biases in 
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Fig. 1. (a) The cross attention mechanism between prompt tokens and patch tokens in the UNet during the reverse diffusion process. (b) In SDXL, the text encoder 
cannot effectively perceive modifier relationships, and pretrained biases cause large discrepancies in the contextual similarities of modified terms, resulting in 
unreasonably high similarities in certain contexts (highlighted using “blue boxes”). (c) Failure cases of the baselines and the attention visualizations of the keywords. 
The baselines suffer from issues such as object omission, attribute omission, and semantic leakage. CALM effectively addresses these problems.

the context encoder rather than the cross-attention mechanism it-
self (Chen et al., 2024), making their solutions merely palliative. As 
illustrated in Fig. 1(a), during the reverse diffusion process, each 
prompt token in the cross-attention modulecan influence all image 
tokens, potentially causing attention to leak to semantically irrele-
vant regions. Our analysis in Fig. 1(b) shows that the root problem 
lies in the text encoder: for example, we find that the token “yel-
low” is more similar to “red” and “man” than to the object it should 
modify, “surfboard”. This bias is amplified during the reverse diffu-
sion process in cross-attention, causing the rendered region for “yel-
low” to overlap with “red” and “man”, which leads to semantic con-
flicts. We illustrate the impact of this contextual bias by visualiz-
ing the final-timestep cross-attention maps and their corresponding 
generated images using the SDXL 1.0 model (Podell et al., 2023) 
in Fig. 1(c). SDXL 1.0 omits objects such as a “shirt” (object omis-
sion). Attend-and-Excite (AnE) (Chefer et al., 2023) ensures the shirt 
appears but fails to render its color correctly (attribute omission). 
SynGen (Rassin et al., 2023) generates all specified objects and at-
tributes but suffers from semantic leakage, where visual features of 
different attributes (e.g., colors) or objects become entangled or in-
correctly influence one another. In addition, the overlap in attention 
can be observed to be closely related to the highlighted distributions 
in the context. For instance, “yellow”, which is strongly associated 
with many keywords in the context, tends to be rendered across most 
of the attention regions. These examples directly reflect the limita-

tions of prior work, which merely refines cross-attention without fully
addressing contextual bias, failing to overcome the semantic consistency 
bottleneck.

To address the above issues, we propose Context-Aware Latent Space
Mediation (CALM). CALM begins by constructing attribute-object se-
mantic groups based on the syntactic parse tree. 1. Then, we compute 
intra-group and inter-group similarities separately. Two dedicated aug-
mentation mechanisms for objects and attributes are designed to ensure 
that objects and attributes within the same group are sufficiently sim-
ilar in representation while being explicitly distinguishable from other 
semantic groups. 2. Next, we extract cross-attention maps by associat-
ing object and attribute tokens with specific regions, maximizing their 
mutual alignment while minimizing uncertainty in region rendering, 
enabling objects and attributes to be simultaneously and clearly rep-
resented. 3. Finally, to further reduce conflicts in the semantic space, 
CALM employs supervised contrastive learning by explicitly creating la-
bel mappings for the attention of each semantic group. This enhances 
the model’s capacity to differentiate between distinct semantic pairs in 
the latent space, effectively decoupling the attention semantics of dif-
ferent object–attribute pairs. Our key contributions are summarized as 
follows:

• Inference-time optimization framework: We propose CALM, a 
novel inference-time optimization method for latent space media-
tion in Text-to-image models. CALM effectively mitigates semantic 
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misalignment and enhances the semantic consistency of the gener-
ated images.

• Context-aware semantic binding: To the best of our knowledge, 
this is the first work to identify and alleviate the influence of con-
textual biases on inference-time semantic binding in text-to-image 
generation. We introduce an adaptive context reweighting strategy 
and a supervised contrastive binding mechanism with a token–region 
semantic constraint loss, which jointly enhance semantic alignment 
and fidelity.

• Comprehensive evaluation and generalization: We evaluate 
CALM on five datasets featuring complex prompts and achieve state-
of-the-art performance across mainstream text-to-image models, in-
cluding both diffusion-based and flow-based architectures. The re-
sults demonstrate that CALM is architecture-agnostic, yielding con-
sistent improvements across UNet and DiT backbones.

2.  Related work

2.1.  Text-to-image diffusion models

Text-to-image diffusion models aim to generate high-quality images 
based on textual descriptions, enabling the generation of diverse and 
realistic images that align with user-provided prompts. Milestone works 
like Stable Diffusion (Rombach et al., 2022), Imagen (Saharia et al., 
2022), DALL⋅E 2 (Ramesh et al., 2022), ControlNet (Zhang et al., 2023) 
have significantly enhanced the capabilities of text-to-image generation, 
improving coherence between text and images (Esser et al., 2024; Pee-
bles & Xie, 2023). However, recent research (Chefer et al., 2023; Guo 
et al., 2024; Li et al., 2023; Tang et al., 2024; Xie & Gong, 2025) has 
identified issues with semantic leakage in diffusion models, which can 
lead to missing objects or mismatched attributes in the generated im-
ages. Our approach effectively alleviates potential semantic leakage in 
prompts, enhancing the consistency between prompts and generated im-
ages without any fine-tuning.

2.2.  Preference alignment for diffusion models

To better ensure that generative outputs conform to human expecta-
tions, a prevalent paradigm involves integrating external reward mod-
els to achieve preference alignment (Sun et al., 2025b). The principal 
works are categorized as follows: (1) Some methodologies perform pa-
rameter optimization via differentiable rewards (Clark et al., 2023; Guo 
et al., 2025; Prabhudesai et al., 2023; Wu et al., 2024; Xu et al., 2023), 
though they must overcome the computational overhead of differentiat-
ing through intricate backpropagation paths. (2) In a weighted SFT man-
ner, RWR-based approaches reweight sampled trajectories to increase 
the likelihood of high-reward paths during training (Dong et al., 2023; 
Fan et al., 2025; Lee et al., 2023; Peters & Schaal, 2007). (3) By fram-
ing the diffusion trajectory as a dynamic Markov process, some work 
utilizes Proximal Policy Optimization (PPO) (Schulman et al., 2017) to 
maximize the expected rewards (Black et al., 2023; Chen & Kuo, 2025; 
Fan et al., 2023; Hu et al., 2025; Zhang et al., 2024a). (4) To alleviate 
the dependency on explicit reward models, some works learn directly 
from preference pairs via Direct Preference Optimization (DPO). These 
approaches align the model by maximizing the likelihood of preferred 
samples while concurrently suppressing the probability of non-preferred 
ones (Liang et al., 2025; Rafailov et al., 2023; Shen et al., 2025; Sun 
et al., 2025a,c,d,e; Wallace et al., 2024; Yang et al., 2024; Zhu et al., 
2025). (5) GRPO-based methods utilize group-relative reward normal-
ization as a baseline, thereby eliminating the dependency on an explicit 
value function. This architectural simplification facilitates a memory-
efficient reinforcement learning paradigm (He et al., 2025c; Liu et al., 
2025a; Luo et al., 2025a,b; Wang et al., 2025a,b; Xue et al., 2025). RL-
based methods significantly improve T2I fidelity but suffer from heavy 
computational costs and reward hacking (He et al., 2025a; Zhai et al., 

Table 1 
Comparison of inference-time enhancement methods. Unlike prior works 
that focus on specific misalignment categories, CALM provides a holistic 
solution for object/attribute preservation and binding.

Method  Problems Addressed
 Obj. Omis.  Attr. Omis.  Mis. Bind.

 AnE (Chefer et al., 2023) ✓ × ×
 SynGen (Rassin et al., 2023) △ × △
 A-star (Agarwal et al., 2023) × × ✓

 EBAMA (Zhang et al., 2024b) × △ ✓

 INITNO (Guo et al., 2024) ✓ × △
 CALM (Ours) ✓ ✓ ✓

∗ ✓: Fully Addressed; △: Partially Addressed; ×: Generally Overlooked.

2025). Inspired by these works, we present a training-free method for 
alignment.

2.3.  Attention-based inference-time alignment

Prompt-to-prompt (Hertz et al., 2022) reveals the mechanism of 
cross-attention between text and images, providing a foundation for 
attention-based control in image generation. Through monitoring atten-
tion activations, Attend-and-Excite (Chefer et al., 2023) enhances sub-
ject token activations in cross-attention maps to ensure precise focus 
on key objects. Building on the shift from objects to modifiers, Syn-
Gen (Rassin et al., 2023) leverages syntactic analysis to encourage over-
lap between modifiers and their corresponding objects’ attention maps, 
while simultaneously reducing interference from unrelated words. To 
explicitly address attention overlap and decay, A-star (Agarwal et al., 
2023) introduces attention segregation and retention losses. Li et al. 
(2023) further mitigates improper object attention and attribute mis-
binding through a combination of total variation–based attention loss 
and Jensen-Shannon divergence–based binding loss. Building on this 
idea, EBAMA (Zhang et al., 2024b) optimizes object-centric attribute 
binding by maximizing the likelihood of an energy-based model, bal-
ancing attribute binding with an intensity regularizer. INITNO (Guo 
et al., 2024) partitions the initial latent space based on cross-attention 
responses and self-attention conflict scores, improving latent space op-
timization. As summarized in Table 1, while existing attention-based 
methods have made significant improvements, they primarily focus on 
posterior refinement of attention maps, treating the symptoms rather 
than the cause of semantic misalignment. In contrast, CALM intro-
duces a paradigm shift by identifying contextual bias in the text en-
coder as the root of the problem. By integrating context-aware aug-
mentation and supervised contrastive binding, CALM goes beyond sim-
ple attention reweighting. It is the first framework to achieve robust, 
architecture-agnostic semantic alignment that scales effectively from 
traditional UNet-based models to modern DiT and flow-matching ar-
chitectures.

3.  Preliminaries

3.1.  Latent diffusion models

Latent Diffusion Models (LDMs) generate images by operating in the 
latent space of a pre-trained autoencoder (Kingma et al., 2013). Specifi-
cally, an encoder 𝐸 first compresses an image 𝑥 into a latent representa-
tion 𝑧 = 𝐸(𝑥), and a decoder 𝐷 reconstructs the image from this latent: 
𝐷(𝐸(𝑥)) ≈ 𝑥. Over the latent space, a Denoising Diffusion Probabilistic 
Model (DDPM) (Ho et al., 2020) is trained to progressively denoise a 
latent variable 𝑧𝑡 at each timestep 𝑡. The model can be conditioned on 
external inputs, e.g., a text prompt 𝑦 encoded by a CLIP text encoder 
𝑐 (Radford et al., 2021). The denoising network 𝜖𝜃 , typically a UNet or 
Transformer with self- and cross-attention layers, is trained to predict 
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Fig. 2. Overview of our proposed CALM. The CALM framework begins by parsing a sentence into a semantic-dependency tree, from which the dependencies are 
organized into semantic groups. The token index corresponding to each object and modifier guides the model in reinforcing contextual representations and attention. 
The context-aware attention maps are used to refine the latent representation through 𝑡2𝑟 and 𝑠𝑐𝑙 .

the noise 𝜖 using the objective:
 = 𝔼𝑧∼𝐸(𝑥),𝑦,𝜀∼ (0,1),𝑡[‖𝜀 − 𝜀𝜃(𝑧𝑡, 𝑡, 𝑐(𝑦))‖22], (1)

at inference, a sample 𝑧𝑡 ∼  (0, 1) is progressively denoised to 𝑧0, then 
decoded to an image 𝑥′ = 𝐷(𝑧0).

3.2.  Attention mechanism in diffusion models

In latent diffusion models, cross-attention is crucial for aligning text 
and image features during generation. First, the text prompt 𝑦 ∈ ℝ𝑁  of 
length 𝑁 is encoded into a sequence of embeddings using a pre-trained 
encoder 𝑐, forming a condition 𝑐(𝑦). Then, the projected condition serves 
as the 𝐾 and 𝑉 , while the intermediate feature of the UNet acts as the 
𝑄 to perform the cross-attention computation:

𝐴 = sof tmax(𝑄𝐾𝑇
√

𝑑
). (2)

Let 𝑃  denote the spatial resolution per side of the intermediate atten-
tion map. The attention map 𝐴 ∈ ℝ𝑃×𝑃×𝑁  characterizes the similarities 
and the degree of alignment between the prompt tokens and the spatial 
locations of the feature map. Specifically, 𝐴[𝑖, 𝑗, 𝑛] quantifies the simi-
larity between the 𝑛th token and the (𝑖, 𝑗)th spatial patch token. Note 
that each value in 𝐴 is bounded between 0 and 1.

4.  CALM

CALM is dedicated to optimizing the latent representation in the 
early stages of the reverse diffusion process to prevent object omission, 
attribute omission, and semantic leakage. As shown in Fig. 2, the CALM 
pipeline consists of four components: prompt syntactic parsing, contex-
tual augmentation, attention extraction, and latent optimization.

4.1.  Prompt syntactic parsing

Following the preprocessing approach in Rassin et al. (2023), we em-
ploy spaCy’s transformer-based dependency parser (Honnibal & John-
son, 2015) to analyze the syntactic structure of the prompt. We first 
identify all objects that are not syntactically dependent on other objects 
and treat them as object candidates. For each object, we then collect its 
associated modifiers by following specific dependency relations such as 
adjectival modifiers, nominal compounds, adverbial modifiers, comple-
ments, and coordinated modifiers. This procedure produces structured 
semantic groups that represent the prompt’s compositional semantics.

4.2.  Contextual augmentation

The primary source of semantic conflicts lies in contextual bias 
within the text encoder, where attributes often exhibit stronger similar-
ity to unrelated entities than to the objects they are intended to modify. 
This weak attribute–object association is subsequently amplified during 
the diffusion process, leading to semantic misalignment.

To address this issue at its root, we propose Contextual Augmenta-
tion, a mechanism that explicitly strengthens the association between 
objects and their corresponding attributes within the text encoder. The 
key idea is to rescale the hidden representations based on intra-group 
and inter-group semantic similarities. We denote the context input gen-
erated by CLIP (Radford et al., 2021) as 𝐻 ∈ ℝ𝐿×𝑑 , where 𝐿 is the se-
quence length and 𝑑 is the hidden dimension. We first compute the pair-
wise similarity matrix 𝑆 = sof tmax(𝐻𝐻⊤) ∈ ℝ𝐿×𝐿. Let   denote the set 
of object indices. For each object 𝑛𝑖 ∈  , let 𝑖 denote the set of as-
sociated modifier indices. Define the union of all modifier indices as 
 =

⋃

𝑛𝑖∈ 𝑖. The union of all these indices is denoted as  =  ∪.

4.2.1.  Object augmentation
Since each semantic group contains only one object, we define the 

intra-group semantic similarity of an object as the similarity between 
the object and itself, and the inter-group semantic similarity as the ag-
gregated similarity between the object and other objects. For each object 
𝑛 ∈  , we compute the semantic strength using:

𝑟𝑛 =
𝑆[𝑛, 𝑛]

∑

𝑘∈ 𝑆[𝑛, 𝑘] + 𝜖
, (3)

where the numerator represents the intra-group semantic similarity, 
and the denominator denotes the combination of intra-group and inter-
group semantic similarity (i.e., the aggregation of similarities with all 
objects). 𝜖 is a small constant for numerical stability. If 𝑟𝑛 falls below an 
object-specific threshold 𝜏𝑜, the representation of object 𝑛 is rescaled:
𝛼𝑛 = 1 + tanh(𝜏𝑜 − 𝑟𝑛), (4)

where an object token with lower semantic strength tends to be as-
signed a larger 𝛼𝑛, enhancing the self-coherence of its embedding and 
preserving its semantic prominence within the overall context. Notably, 
while the semantic strength 𝑟𝑛 ∈ [0, 1] is inherently bounded, we em-
ploy the tanh function as a safeguard against distributional shifts in ex-
treme scenarios (e.g., when using a large 𝜏𝑜 or encountering a near-
zero 𝑟𝑛). Previous studies (Ho & Salimans, 2022; Kirstain et al., 2023; 
Saharia et al., 2022) have demonstrated that excessively strong text 
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guidance can drive latent representations off the manifold, resulting in 
over-saturation and visual artifacts. By leveraging the properties that 
tanh(𝑥) < 𝑥 and tanh(𝑥) < 1 for 𝑥 > 0, the rescaling factor 𝛼𝑛 is strictly 
constrained such that 𝛼𝑛 = 1 + tanh(𝜏𝑜 − 𝑟𝑛) < 1 + 𝜏𝑜 − 𝑟𝑛 within the valid 
interval 𝑟𝑛 ∈ [0, 1]. Moreover, this ensures that the 𝛼𝑛 is always bounded 
by 2. This mechanism effectively clamps the over-amplification while 
maintaining monotonicity, even for severely suppressed objects, the re-
calibrated embeddings remain within a safe region of the latent space.

4.2.2.  Attribute augmentation
Given that each semantic group may include multiple attributes, the 

intra-group semantic similarity for an attribute is defined as the aggre-
gated similarity between the current attribute and all items in the same 
semantic group, whereas the inter-group semantic similarity is defined 
as the aggregated similarity between the current attribute and items in 
all semantic groups. For each attribute 𝑚 ∈ 𝑖 associated with the ob-
ject 𝑛𝑖, we compute the semantic strength using:

𝑟𝑚 =

∑

𝑗∈𝑖∪{𝑛𝑖} 𝑆[𝑚, 𝑗]
∑

𝑘∈ 𝑆[𝑚, 𝑘] + 𝜖
, (5)

where the numerator represents the aggregated intra-group semantic 
similarities, and the denominator represents the combination of intra-
group and inter-group semantic similarity (i.e., the aggregation of simi-
larities with all objects and all attributes). If 𝑟𝑚 falls below an attribute-
specific threshold 𝜏𝑎, the hidden representation of token 𝑚 is rescaled 
by:

𝛼𝑚 = 1 + tanh(𝜏𝑎 − 𝑟𝑚), (6)

attribute tokens with lower semantic strengths are enhanced with a 
larger 𝛼𝑚, ensuring that attributes remain semantically anchored to in-
tended objects rather than drifting toward unrelated tokens. The design 
of the tanh function here is consistent with the rationale in object aug-
mentation to ensure stable rescaling and prevent potential distributional 
shifts.

Finally, we aggregate all rescaling factors (𝛼𝑛 and 𝛼𝑚) into a vec-
tor 𝛼 ∈ ℝ𝐿. The contexts 𝐻 are updated by elementwise multiplication 
𝐻 ′ = 𝐻 ⊙ 𝛼 where ⊙ denotes broadcasting along the hidden dimension. 
By amplifying underrepresented attributes and objects, contextual aug-
mentation provides a clearer and more balanced semantic signal to the 
diffusion model. Therefore, it mitigates attribution drift and reduces en-
tanglement between different objects and attributes. Subsequently, the 
contexts 𝐻 ′ interact with the latent representations through the atten-
tion mechanism.

4.3.  Attention extraction

Based on the object-attribute indices obtained from the syntactic 
parsing stage, we extract the corresponding cross-attention scores from 
the augmented attention map 𝐴 at the specified resolution. In Stable Dif-
fusion, the spatial resolutions of intermediate features are {64, 32, 16, 
8}. Following Chefer et al. (2023), Guo et al. (2024), we collect atten-
tion values at the 16 × 16 resolution, as it contains rich semantic infor-
mation (Hertz et al., 2022). Each object and its associated attributes are 
grouped as a list of token indices. For a given object-attribute group, we 
collect the attention scores 𝐴[∶, ∶, 𝑛] for each token index 𝑛 in the group 
(denoted as 𝐴𝑛). More details of attention extraction are provided in 
Section 5.1.4.

4.4.  Latent optimization

To mitigate the omission of objects and attributes, as well as semantic 
leakage, we introduce two loss functions to jointly optimize the latent 
representation: token-region alignment loss and supervised contrastive 
binding loss.

4.4.1.  Token-region alignment loss
To concentrate attention on dominant regions and reduce the spatial 

uncertainty of each object, we first square its attention map, 𝐴̃𝑛𝑖 = 𝐴◦2
𝑛𝑖
. 

This operation suppresses weak activations and sharpens the focus, anal-
ogous to increasing purity in a Gini coefficient. To capture local co-
activation with attributes, each modifier attention map 𝐴𝑚 ∶ (𝑚 ∈ 𝑖)
is combined with the squared object map via element-wise multiplica-
tion and smoothed with a Gaussian kernel 𝐾:

𝑠𝑖 = max

(

1
|𝑖|

∑

𝑚∈𝑖

(𝐴̃𝑛𝑖 ⊙ 𝐴𝑚) ∗ 𝐾

)

, (7)

the multiplication effectively weights modifier activations by the object 
prominence, so that regions with stronger object presence contribute 
more, further concentrating attention and reducing uncertainty in the 
attention distribution. The overall token-region loss is then defined as

𝑡2𝑟 =
1

| |

∑

𝑛𝑖∈
(1 − 𝑠𝑖), (8)

which encourages strong spatial alignment between objects and their 
attributions by maximizing the peak coactivation scores.

4.4.2.  Supervised contrastive binding loss
To further enhance the discriminability of different semantic groups 

in the latent space, we introduce a supervised contrastive binding loss. 
For each object or attribute token, we extract its cross-attention distri-
bution as a latent embedding and normalize it to obtain a set of 𝓁2-
normalized attention vectors {𝑧𝑘}𝐾𝑘=1. Within each semantic group, the 
attention distributions of an object and its associated attributes share 
the same label 𝑦𝑘, whereas attention distributions from different seman-
tic groups are assigned different labels. Following Khosla et al. (2020), 
for each anchor 𝑧𝑖, we treat all other tokens with the same label as pos-
itives, and the rest as negatives. The loss pulls positive pairs closer and 
pushes negative pairs apart in the latent embedding space:

𝑠𝑐𝑙 = − 1
𝐾

𝐾
∑

𝑖=1
log

∑𝐾
𝑗=1,𝑗≠𝑖 𝕀[𝑦𝑖 = 𝑦𝑗 ] ⋅ exp

( 𝑧𝑖⋅𝑧𝑗
𝜏

)

∑𝐾
𝑗=1,𝑗≠𝑖 exp

( 𝑧𝑖⋅𝑧𝑗
𝜏

) , (9)

where 𝜏 is a temperature hyperparameter, 𝐾 represents the total count 
of objects and attributes in the current prompt (i.e., ||), and 𝕀[𝑦𝑖 = 𝑦𝑗 ]
is an indicator function that masks out negative units. By encouraging 
tokens within the same semantic group to exhibit similar attention dis-
tributions while separating them from unrelated tokens, a more struc-
tured latent space for prompt-grounded generation can be learned. This 
effectively disentangles attention representations and enhances object-
attribute semantic bindings.

4.4.3.  Loss function
To jointly optimize the latent representation, we combine the token-

region alignment loss and the supervised contrastive binding loss into 
a unified objective. The hyperparameter 𝛽 is used to control the weight 
of 𝑠𝑐𝑙:

 = 𝑡2𝑟 + 𝛽𝑠𝑐𝑙 , (10)

the latent is then updated via gradient descent as:

𝑧′𝑡 ← 𝑧𝑡 − 𝜂𝑡∇𝑧𝑡, (11)

where 𝜂𝑡 is the update step size at timestep 𝑡. This unified optimiza-
tion encourages complete object rendering, accurate attribute localiza-
tion, and accurate semantic bindings in the latent space. The algorithmic 
pipeline of CALM is illustrated in Algorithm 1. Following Zhang et al. 
(2024b), it operates in the first half of the reverse diffusion process, 
requiring only a single latent optimization at each iteration.
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Algorithm 1 Context-aware latent space mediation (CALM).
1: Input: Text prompt 𝑦; pretrained T2I model SD; inference steps 𝑇 ; 
image decoder 𝐷; text encoder with a time embedding mapping net-
work 𝐸𝑡; update step size 𝜂, the trade-off hyperparameter 𝛽. 

2: Output: Image 𝑥 aligned with prompt 𝑦. 
3: Initialize 𝑧𝑇 ∼  (0, 1)
4: Parse 𝑦 to extract object tokens 𝑁 and attribute tokens {𝑀(𝑛)}𝑛∈𝑁
5: for 𝑡 = 𝑇  to ⌊𝑇 ∕2⌋ + 1 do
6: 𝐻 ← 𝐸𝑡(𝑡)
7: 𝛼𝑛,𝛼𝑚 ← Compute(𝐻 ,𝑆,{𝑀(𝑛)}𝑛∈𝑁 ) // see Eqs. (4) and (6)
8: 𝐻 ′=Augment(𝐻 ,𝛼𝑛,𝛼𝑚) 
9: _, 𝐴 ← SD(𝑧𝑡, 𝑡,𝐻 ′) // Extract attention maps 
10: 𝑡2𝑟,𝑠𝑐𝑙 ← Compute(𝐴, 𝑁 , {𝑀(𝑛)}𝑛∈𝑁 ) // see Eqs. (8) and (9)
11: 𝑧′𝑡 ← 𝑧𝑡 − 𝜂∇𝑧𝑡
12: 𝑧𝑡−1, _← SD(𝑧′𝑡 , 𝑡, 𝑦)
13: end for
14: for 𝑡 = ⌊𝑇 ∕2⌋ to 1 do
15: 𝑧𝑡−1, _← SD(𝑧𝑡, 𝑡, 𝑦)
16: end for
17: 𝑥 ← 𝐷(𝑧0)
18: return 𝑥

5.  Experiments

5.1.  Experimental settings

The backbone models include Stable Diffusion v1.4, SDXL 1.0 Base, 
SD3.5 Medium, and Flux.1 Dev. We compare our method with SD (Rom-
bach et al., 2022) and several inference-time enhancement methods, in-
cluding AnE (Chefer et al., 2023), SynGen (Rassin et al., 2023), EBAMA 
(Zhang et al., 2024b), CONFORM (Meral et al., 2024), and T-SAM (Kim 
et al., 2025) across three datasets: AnE (Chefer et al., 2023), ABC-6K
(Feng et al., 2022), and DVMP (Rassin et al., 2023). In addition, we com-
pare CALM with mainstream text-to-image generative models (PixArt-𝛼
(Chen et al., 2023), DALLE-2 (Ramesh et al., 2022), DALLE-3 (Betker 
et al., 2023), Emu (Wang et al., 2024) , Show-o (Xie et al., 2024), Janus 
(Wu et al., 2025), JanusFlow (Ma et al., 2025b), Dream Engine (Chen 
et al., 2025), DiT-ST Medium (Zhang et al., 2025), MARS (He et al., 
2025b), and LLM4GEN (Liu et al., 2025b)) on two benchmark datasets 
(GenEval (Ghosh et al., 2023) and T2I-CompBench (Huang et al., 2025, 
2023)).

5.1.1.  Datasets
AnE (Chefer et al., 2023) comprises 66 Animal-Animal pairs and 66 

Object-Object pairs, and 144 Animal-Object pairs. The ABC-6K (Feng 
et al., 2022) consists of natural compositional prompts from MSCOCO 
with at least two color words modifying different objects. The DVMP
(Rassin et al., 2023) aims to challenge models by using prompts with 
numerous and uncommon attributes. We randomly sample 600 prompts 
from DVMP and ABC-6K to conduct a representative and efficient eval-
uation (Rassin et al., 2023). GenEval (Ghosh et al., 2023) contains 
553 samples and assesses properties such as object co-occurrence, po-
sition, count, and color through fine-grained object-level analysis. T2I-
CompBench (Huang et al., 2025, 2023) has 8000 samples, from which 
we use the attribute-binding (color, shape, texture) subset to evaluate 
compositional capabilities in text-to-image models.

5.1.2.  Evaluation metrics
For each prompt, 10 images are generated using the same seed group. 

Following Chefer et al. (2023), we evaluate our method using three 
text-alignment metrics: Full, measuring similarity between the gener-
ated image and the entire text prompt in CLIP space (Radford et al., 
2021); Min, the average CLIP similarity of the least well-represented 
object; and T-C, the average similarity between the original prompt and 

BLIP-generated captions (Li et al., 2022). For dataset-specific evalua-
tion, GenEval relies on a pre-trained object detector to assess object ex-
istence, attributes, spatial relations, and counts, while T2I-CompBench 
uses BLIP-based VQA to evaluate attribute binding and object relation-
ships. We also measure overall image quality using ImageReward (IR) 
(Xu et al., 2023), Aesthetic Score (AES) (Murray et al., 2012), HPSv2 
(Wu et al., 2023), and PickScore (Kirstain et al., 2023), which collec-
tively reflect human preference and perceptual quality.

5.1.3.  Hyperparameter configuration
Following Chefer et al. (2023), Stable Diffusion v1.4 is used as the 

base text-to-image diffusion model. Experiments are also conducted us-
ing SDXL 1.0-BASE, SD3.5-Medium, and Flux.1 Dev to demonstrate that 
the method generalizes to other UNet-based diffusion models as well as 
DiT-based flow matching models. The token dependency relations are 
extracted using spaCy’s en_core_web_trf model. Furthermore, we employ 
the DDIM sampler (Song et al., 2020) for the denoising process in the 
SD1.4 and SDXL 1.0 backbones with the number of sampling steps fixed 
at 50 and a classifier-free guidance scale (CFG scale) of 7.5. For the 
SD3.5 and the Flux.1 Dev model, we utilize the ODE Sampler, setting 
the classifier-free guidance scale to 4.5. We perform latent optimization 
during the first 𝑇 ∕2 steps (i.e., the first 25 timesteps) of the denoising 
process.

5.1.4.  Details of attention extraction
The aggregated attention features 𝐴 consist of 𝑁 spatial attention 

maps, each corresponding to a token in the input prompt 𝑦. The CLIP 
text encoder adds a special start-of-text token ⟨𝑆𝑂𝑇 ⟩ at the beginning 
of 𝑦 to mark the start. It has been found that in Stable Diffusion, such 
⟨𝑆𝑂𝑇 ⟩ token consistently attracts the highest attention among all to-
kens. Following the approach in Chefer et al. (2023), we remove the 
attention assigned to ⟨𝑆𝑂𝑇 ⟩ and then apply a softmax function over 
the remaining tokens to compute the normalized attention scores. For 
SDXL, the spatial resolutions are {128, 64, 32}, and we utilize atten-
tion values at the 32 × 32 resolution (Tian et al., 2025). For SD3.5 (Esser 
et al., 2024), which employs two text encoders (CLIP and T5) within 
the MM-DiT architecture, the attention scores between prompt tokens 
and spatial locations are computed via self-attention rather than cross-
attention, inherently capturing the correspondence between text tokens 
and spatial feature representations. To balance performance with com-
putational and memory costs during inference, attention values are ex-
tracted from the last five MM-DiT blocks containing contextually en-
coded hidden states. These values are indexed separately according to 
the maximum token length of each text encoder. The resulting attention 
map has a shape of (4429, 4429), where image representations occupy the 
first 4096 positions, followed by text representations. Accordingly, we 
extract the matrix block corresponding to rows [∶ 4096, 4096 ∶], yielding 
a (4096, 333) submatrix. The first 77 columns correspond to CLIP text 
embeddings, and the remaining 256 columns correspond to T5 text em-
beddings. These two parts are indexed and treated as attention, while all 
subsequent operations follow the same procedure as in cross-attention. 
For Flux.1 Dev, attention is extracted from the last five single-stream 
blocks where text and image tokens are processed jointly. Unlike SD3.5, 
Flux.1 Dev utilizes only the T5 encoder for token-level representation. 
In the (4608, 4608) joint attention matrix, we slice the (4096, 512) sub-
matrix from rows [512 ∶] and columns [∶ 512], where 512 corresponds 
to the default text sequence length of the Flux T5 encoder. Transpos-
ing this submatrix yields the final cross-modal alignment mapping each 
text token to its corresponding spatial latents. All attention visualiza-
tions and extractions in this paper are based on averaged results across 
all attention heads.

5.2.  Quantitative result

Table 2 and Fig. 3 provide a comprehensive summary of the quanti-
tative comparison results across the AnE, DVMP, and ABC-6K datasets. 
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Table 2 
Comparison results across different methods on the AnE dataset based on SD 1.4, SDXL 1.0, and SD 3.5. Bold and underlined values indicate the best 
and second-best performances. 

Base Model Method
 Animal-Animal  Animal-Object  Object-Object
 Full/Min/T-C  IR  AES  Full/Min/T-C  IR  AES  Full/Min/T-C  IR  AES

SD 1.4

 SD  0.311/0.213/0.767 −0.237  5.384  0.340/0.246/0.793  0.098  5.398  0.335/0.235/0.765 −0.661  5.151
 AnE  0.332/0.248/0.806 1.110  5.459  0.353/0.265/0.830  1.352  5.447  0.360/0.270/0.811 0.788  5.211
 SynGen  0.311/0.213/0.767 −0.237  5.384  0.355/0.264/0.830 1.527  5.525  0.355/0.262/0.811  0.662  5.170
 EBAMA 0.340/0.256/0.817  0.628 5.474  0.362/0.270/0.851  1.312 5.479  0.366/0.274/0.836  0.725 5.232
 CONFORM 0.340/0.248/0.820  –  –  0.360/0.269/0.850  –  –  0.360/0.268/0.820  –  –
 T-SAM  –  –  – 0.370/0.280/0.850  –  – 0.370/0.280/0.810  –  –
 CALM(ours)  0.348/0.262/0.822  1.326  5.636  0.371/0.276/0.856  1.689  5.566  0.375/0.279/0.848  1.538  5.291

SDXL 1.0

 SDXL  0.309/0.219/0.778  0.395  5.625  0.349/0.256/0.815  1.274  5.564  0.350/0.259/0.784  0.402  5.342
 AnE 0.311/0.217/0.784 0.578  5.763 0.350/0.257/0.829 1.411  5.756  0.355/0.261/0.800 0.761 5.476
 SynGen  0.309/0.219/0.778  0.395  5.625  0.349/0.257/0.816  1.353  5.596  0.352/0.258/0.785  0.416  5.513
 EBAMA  0.310/0.218/0.785  0.543 5.893 0.350/0.256/0.827  1.242 5.858 0.357/0.260/0.798  0.459  5.514
 CALM(ours)  0.317/0.224/0.797  1.448  5.988  0.356/0.260/0.836  1.499  5.921  0.363/0.268/0.811  0.967  5.530

SD 3.5

 SD3.5  0.345/0.252/0.830  1.543  5.691  0.361/0.264/0.845  1.609  5.564  0.368/0.270/0.862  1.623  5.087
 AnE  0.339/0.254/0.837  1.556  5.703  0.359/0.263/0.844  1.658 5.668 0.369/0.271/0.855 1.722 5.197
 SynGen  0.345/0.252/0.830  1.543  5.691 0.362/0.265/0.849 1.671  5.577  0.365/0.267/0.849  1.691  5.170
 EBAMA 0.346/0.252/0.835 1.616 5.712 0.362/0.264/0.847  1.643  5.664  0.365/0.267/0.849  1.600  0.520
 CALM(ours)  0.354/0.261/0.864  1.707  5.897  0.368/0.272/0.869  1.826  5.812  0.378/0.282/0.875  1.841  5.263

Fig. 3. Quantitative comparison of CALM against baselines using SD1.4 (top), SDXL 1.0 (middle), and SD3.5 (bottom) as backbones on ABC-6K and DVMP datasets. 
Each columns represent specific metrics (from left to right: Full Sim., AES, ImageReward, HPSv2, and PickScore).

Traditional methods often encounter limitations such as object or at-
tribute omission and attribute leakage because they struggle to handle 
complex mappings between attributes and objects. Such issues lead to 
weaker alignment between the generated images and the input prompts. 
CALM effectively overcomes these challenges by enforcing precise token 
and region alignment, which results in superior performance across all 
benchmarks. A significant observation in Fig. 3 is that while existing 
methods show improvements on SD1.4 but fail to scale to larger back-
bones like SDXL or the DiT-based SD3.5, CALM remains highly effective 
across these advanced architectures. This adaptability aligns with pre-
vious findings suggesting that smaller models like SD1.4 can match or 
even exceed the performance of larger models when paired with ap-
propriate inference time scaling techniques (Ma et al., 2025a). Further-
more, the overall results demonstrate that CALM manages the trade-
off between semantic binding and visual fidelity more effectively than 

its counterparts. While other methods often improve prompt alignment 
at the cost of image quality, CALM ensures a steady enhancement in 
both semantic consistency and visual realism. This indicates that our 
approach achieves a more balanced optimization that strengthens tex-
tual alignment while simultaneously promoting higher image quality 
across diverse diffusion architectures.

Moreover, as shown in Table 3, our results on the GenEval and 
T2I-CompBench datasets demonstrate that while many existing mod-
els perform well in single-object rendering, their accuracy drops sharply 
when faced with tasks involving multiple objects, multiple colors, speci-
fied object counts, multi-object semantic binding, or spatial constraints. 
Beyond strengthening semantic binding, CALM also improves related 
abilities such as accurately rendering object count, position, size, and 
texture. Across various backbone architectures, CALM consistently im-
proves performance metrics, achieving nearly double the scores in ob-
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Table 3 
Results across GenEval and T2I-CompBench. Bold and underlined values denote the best and second-best performances.

Model
 GenEval  T2I-CompBench
 Mean  Single  Two  Counting  Colors  Position  Color Attribution  Color  Shape  Texture

 PixArt-𝛼  0.48  0.98  0.50  0.44  0.80  0.08  0.07  0.69  0.56  0.70
 DALL-E 2  0.52  0.94  0.66  0.49  0.77  0.10  0.19  0.57  0.55  0.64
 DALL-E 3  0.67  0.96  0.87  0.47  0.83  0.43  0.45  0.81  0.68 0.81
 Emu  0.54  0.98  0.71  0.34  0.81  0.17  0.21  0.79  0.58  0.74
 Show-o  0.53  0.95  0.52  0.49  0.82  0.11  0.28  –  –  –
 Janus  0.61  0.97  0.68  0.30  0.84 0.46  0.42  –  –  –
 JanusFlow  0.63  0.97  0.59  0.45  0.83  0.53  0.42  –  –  –
 Dream Engine  0.69  1.00  0.94  0.64  0.81  0.27  0.49  –  –  –
 DiT-ST Medium  0.69 0.99  0.88  0.70  0.75  0.36  0.46  –  –  –
 MARS  –  –  –  –  –  –  –  0.69  0.54  0.71
 LLM4GEN𝑆𝐷1.5  –  –  –  –  –  –  –  0.47  0.45  0.55
 LLM4GEN𝑆𝐷𝑋𝐿1.0  –  –  –  –  –  –  –  0.77  0.59  0.71
 SD 1.4  0.38  0.95  0.35  0.24  0.64  0.03  0.05  0.38  0.36  0.42
 SD 1.4+𝐶𝐴𝐿𝑀  0.56 0.99  0.71  0.46 0.87  0.16  0.14  0.60  0.47  0.61
 SDXL 1.0  0.55  0.98  0.74  0.39  0.85  0.15  0.23  0.59  0.47  0.53
 SDXL 1.0+𝐶𝐴𝐿𝑀  0.64 0.99  0.75  0.59  0.94  0.23  0.31  0.77  0.64  0.67
 SD 3.5  0.63  0.98  0.78  0.50  0.81  0.24  0.52  0.80  0.57  0.73
 SD 3.5+𝐶𝐴𝐿𝑀  0.80 0.99  0.91 0.88  0.85  0.42  0.72  0.86  0.68  0.80
 Flux.1 Dev  0.66  0.98  0.81  0.74  0.79  0.22  0.45  0.74  0.57  0.69
 Flux.1 Dev+𝐶𝐴𝐿𝑀 0.78 0.99 0.92  0.90  0.82  0.35 0.69 0.85 0.66  0.83

Fig. 4. Qualitative comparison results on AnE, ABC-6K, and DVMP datasets, with each column sharing the same random seed.

ject counting and spatial localization tasks, with an overall average im-
provement of around 20% for each backbone. Paired with CALM, text-
to-image models can match and even surpass current state-of-the-art 
approaches.

5.3.  Qualitative result

In Fig. 4a–c, we present the image generation results on different 
datasets, based on various backbones and latent optimization methods, 
respectively. Issues like object omission, attribute omission, and seman-
tic leakage are common in prior methods. Specifically, the baseline mod-
els often exhibit object omission when generating objects or animals, 
such as “backpack” in Fig. 4a, etc.. In addition, due to semantic conflicts 
between the object and the attribute information in the prompt, some 
baseline models exhibit attribute omission issues, for instance, “blue” in 
Fig. 4b, etc.. Semantic leakage is the most commonly observed issue. In 
Fig. 4c, there is incorrect binding of “spiky” and “rabbit”, etc.. These ex-
amples reflect broader issues of semantic misalignment and incoherent 
attribute rendering. We observe that the issues of semantic leakage and 
insufficient fidelity persist not only in SD 1.4, but also in more advanced 
models such as SDXL 1.0 and SD 3.5. While these newer models generate 
more photorealistic images than SD 1.4, they still suffer from semantic 
leakage. Our CALM consistently demonstrates superior fidelity and im-
age quality across diverse datasets and model backbones, outperforming 
baseline methods that fail to achieve comparable results.

Fig. 5a presents the qualitative analysis results on the GenEval 
dataset. We observe that although most models can accurately generate 
single-object images, as the number of objects increases and their col-
ors become more complex, even employing a stronger backbone cannot 

fully overcome the challenge of semantic entanglement. After applying 
the CALM framework, the model can significantly mitigate issues of se-
mantic leakage and object omission, which improves semantic fidelity 
across various tasks. Moreover, we observe that our semantic modu-
lation also facilitates other tasks, such as object counting and spatial 
reasoning. Fig. 5b presents the qualitative analysis results on the T2I-
CompBench dataset. The results are consistent with observations on the 
AnE, DVMP, and ABC-6K datasets. In the multi-color binding task, our 
model enhances the semantic fidelity of existing models during image 
generation. Moreover, CALM effectively addresses semantic binding is-
sues related to object size, shape, and texture. Compared with the base 
model, the CALM-enhanced model appropriately amplifies the seman-
tics of modifiers, which enhances contrast and visual impact.

5.4.  Ablation study

The ablation study conducted across the AnE, ABC-6K, and DVMP 
datasets (Table 4) highlights the indispensable contribution of each com-
ponent within the CALM framework. Visualized examples for SD1.4, 
SDXL1.0, and SD3.5 backbones are further provided in Fig. 6. Across 
all three backbones, removing the complete Contextual Augmentation 
(w/o CA) leads to the most significant drop in both IR and AES scores. 
This observation suggests that the lack of contextual refinement causes 
substantial semantic misalignment, including frequent object omission 
and attribute leakage. Specifically, the results show that removing ob-
ject augmentation (w/o CA𝑜) generally leads to a more pronounced per-
formance decrease than removing attribute augmentation (w/o CA𝑎). 
This indicates that establishing a solid foundation for key objects is a 
prerequisite for preserving text-to-image semantic alignment. However, 
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Fig. 5. Comparison of qualitative results. Left: GenEval; Right: T2I-CompBench.

Table 4 
Ablation study on AnE, ABC-6K, and DVMP datasets across SD1.4, SDXL1.0, and SD3.5 backbones. Bold indicates the maximum values per column within each base 
model group.

Base Model Method
 Animal-Animal  Animal-Object  Object-Object  ABC-6K  DVMP
 Full  IR  AES  Full  IR  AES  Full  IR  AES  Full  IR  AES  Full  IR  AES

SD 1.4

 CALM  0.348  1.326  5.636  0.371  1.689  5.566  0.375  1.538  5.291  0.346  0.448  5.410  0.358  0.549  5.460
 w/o CA𝑜  0.337  1.211  5.590  0.363  1.560  5.432  0.369  1.476  5.096  0.343  0.437  5.394  0.355  0.496  5.376
 w/o CA𝑎  0.341  1.237  5.536  0.368  1.673  5.572  0.372  1.492  5.218  0.344  0.442  5.387  0.357  0.624  5.412
 w/o CA  0.329  1.105  5.353  0.349  1.327  5.437  0.325  1.033  5.130  0.337  0.131  5.275  0.348 −0.063  5.327
 w/o 𝑡2𝑟  0.332  1.203  5.432  0.355  1.406  5.467  0.361  1.376  5.260  0.339  0.237  5.249  0.340  0.034  5.319
 w/o 𝑠𝑐𝑙  0.326  1.234  5.421  0.357  1.562  5.507  0.360  1.496  5.221  0.342  0.233  5.320  0.342  0.317  5.213
 w/o   0.324  0.943  5.362  0.347  0.872  5.416  0.346  1.251  5.202  0.329  0.112  5.304  0.340 −0.160  5.351
 w/o all  0.311 −0.237  5.384  0.340  0.098  5.398  0.335 −0.661  5.151  0.324 −0.198  5.355  0.331 −0.544  5.410

SDXL 1.0

 CALM  0.317  1.448  5.988  0.356  1.499  5.921  0.363  0.967  5.530  0.345  0.769  5.634  0.350  0.871  5.695
 w/o CA𝑜  0.315  1.397  5.803  0.353  1.459  5.842  0.360  0.883  5.521  0.342  0.759  5.504  0.347  0.859  5.549
 w/o CA𝑎  0.317  1.416  5.954  0.354  1.456  5.881  0.362  0.933  5.517  0.342  0.760  5.576  0.348  0.868  5.608
 w/o CA  0.314  1.313  5.786  0.353  1.442  5.637  0.350  0.783  5.351  0.340  0.757  5.493  0.342  0.843  5.547
 w/o 𝑡2𝑟  0.313  1.435  5.769  0.355  1.420  5.792  0.359  0.851  5.402  0.339  0.732  5.577  0.341  0.845  5.438
 w/o 𝑠𝑐𝑙  0.313  1.423  5.752  0.351  1.388  5.767  0.353  0.829  5.576  0.340  0.715  5.544  0.341  0.828  5.511
 w/o   0.313  0.925  5.719  0.349  1.291  5.601  0.355  0.654  5.284  0.343  0.747  5.591  0.345  0.724  5.527
 w/o all  0.309  0.395  5.625  0.349  1.274  5.564  0.350  0.402  5.342  0.340  0.649  5.613  0.339 −0.298  5.667

SD 3.5

 CALM  0.354  1.707  5.897  0.368  1.826  5.812  0.378  1.841  5.263  0.350  1.396  5.670  0.370  1.179  5.706
 w/o CA𝑜  0.347  1.596  5.739  0.366  1.720  5.663  0.375  1.813  5.154  0.348  1.324  5.396  0.368  1.118  5.493
 w/o CA𝑎  0.351  1.691  5.857  0.366  1.809  5.815  0.377  1.848  5.192  0.347  1.337  5.387  0.369  1.175  5.517
 w/o CA  0.343  1.576  5.625  0.353  1.460  5.573  0.367  1.764  5.093  0.344  1.123  5.396  0.357  1.120  5.476
 w/o 𝑡2𝑟  0.344  1.632  5.783  0.360  1.773  5.741  0.376  1.825  5.213  0.349  1.384  5.433  0.367  1.166  5.554
 w/o 𝑠𝑐𝑙  0.347  1.614  5.764  0.363  1.755  5.723  0.372  1.840  5.184  0.345  1.353  5.372  0.364  1.135  5.483
 w/o   0.344  1.550  5.756  0.362  1.636  5.482  0.371  1.717  5.217  0.346  1.201  5.402  0.363  1.095  5.501
 w/o all  0.345  1.543  5.691  0.361  1.609  5.564  0.368  1.623  5.087  0.343  1.179  5.469  0.363  0.979  5.550

because the objectives of semantic alignment and image quality opti-
mization are not always perfectly aligned, some quality-related metrics 
reach their peak under the w/o CA𝑎 configuration. The structural losses 
also play a vital role in the final performance. Removing the token region 
loss (w/o 𝑡2𝑟) results in moderate degradation because it weakens the 
link between specific text tokens and their corresponding image regions. 
This loss is essential to ensure that each object and its modifiers are 

properly reflected in the generated spatial layout. Similarly, removing 
the supervised contrastive loss (w/o 𝑠𝑐𝑙) leads to a noticeable decline 
in accuracy. This loss contributes to fine-grained differentiation by sep-
arating distinct semantic elements and preventing them from blending 
incorrectly. To further verify that semantic leakage originates from the 
internal context bias of text encoders, we evaluate the (w/o ) config-
uration, which employs the context augmentation mechanism without 
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Table 5 
Sensitivity analysis of the parameter 𝛽.

Base Model 𝛽
 Animal-Animal  Animal-Object  Object-Object  ABC-6K  DVMP
 Full  IR  AES  Full  IR  AES  Full  IR  AES  Full  IR  AES  Full  IR  AES

SD 1.4
 0.0  0.326  1.234  5.421  0.357  1.562  5.507  0.360  1.496  5.221  0.342  0.233  5.320  0.342  0.317  5.213
 0.1  0.348  1.326  5.636  0.371  1.689  5.566  0.375  1.538  5.291  0.346  0.448  5.410  0.347  0.532  5.437
 0.5  0.342  1.283  5.581  0.363  1.622  5.533  0.371  1.521  5.284  0.342  0.421  5.257  0.358  0.549  5.460
 1.0  0.335  1.250  5.540  0.355  1.590  5.512  0.365  1.523  5.257  0.339  0.414  5.335  0.351  0.525  5.449

SDXL 1.0
 0.0  0.313  1.423  5.752  0.351  1.388  5.767  0.353  0.829  5.576  0.340  0.715  5.544  0.341  0.828  5.511
 0.1  0.317  1.448  5.988  0.349  1.370  5.740  0.363  0.967  5.530  0.342  0.702  5.521  0.350  0.871  5.695
 0.5  0.315  1.435  5.943  0.356  1.499  5.921  0.356  0.950  5.506  0.345  0.769  5.634  0.348  0.851  5.653
 1.0  0.312  1.376  5.907  0.352  1.473  5.890  0.355  0.930  5.680  0.342  0.723  5.565  0.347  0.830  5.620

SD 3.5
 0.0  0.347  1.614  5.764  0.363  1.755  5.723  0.372  1.840  5.184  0.345  1.353  5.472  0.364  1.135  5.483
 0.1  0.354  1.707  5.897  0.368  1.826  5.812  0.370  1.830  5.209  0.342  1.340  5.564  0.370  1.179  5.706
 0.5  0.349  1.689  5.866  0.362  1.803  5.791  0.378  1.841  5.263  0.350  1.396  5.670  0.365  1.163  5.584
 1.0  0.345  1.651  5.822  0.358  1.773  5.752  0.373  1.820  5.240  0.348  1.371  5.542  0.366  1.253  5.551

Fig. 6. Visualized ablation results across SD1.4, SDXL1.0, and SD3.5 backbones. 
These results demonstrate that contextual enhancement improves modifier rela-
tionship understanding, while token-region alignment and semantic alignment 
binding ensure precise object preservation and attribute control.

any auxiliary loss functions. This variant outperforms the vanilla base-
line (w/o all) across all tested backbones, which confirms that direct 
recalibration of the embedding space is intrinsically effective for mit-
igating semantic interference, even in the absence of explicit loss con-
straints. Overall, these components are highly complementary. Whether 
applied to the traditional UNet of SD1.4 or the DiT-based architecture 
of SD3.5, the combination of these modules enables the generation of 
coherent images that faithfully reflect complex input prompts.

5.5.  Sensitivity analysis of hyperparameter

Sensitivity of 𝛽. The quantitative results in Table 5 and the qual-
itative visualizations in Fig. 7a collectively demonstrate the impact of 

the weighting parameter 𝛽 on model performance. Introducing the su-
pervised contrastive loss 𝑠𝑐𝑙 through a positive 𝛽 value consistently im-
proves performance across all models and datasets, with 𝛽 = 0.1 provid-
ing the most stable gains. While most subsets peak at this value, certain 
categories, such as DVMP for SD 1.4 and Animal-Object for SDXL 1.0, 
benefit from a stronger contribution. For SD 3.5, performance is optimal 
at 0.1, although complex tasks like ABC-6K peak at 0.5 before slightly 
degrading at higher values. Visualized examples further clarify these 
trade-offs. When 𝛽 is set to 0, the inactive supervised contrastive loss 
results in visible semantic leakage. Conversely, an excessively high 𝛽 al-
lows 𝑠𝑐𝑙 to dominate the entire optimization, which renders other loss 
functions insignificant and leads to missing objects or failed attribute 
binding. Therefore, 𝛽 = 0.1 serves as the robust default setting for main-
taining semantic integrity across diverse generative tasks.

Sensitivity of 𝜏𝑜. The sensitivity of the object level augmentation 
threshold 𝜏𝑜 is reported through the quantitative results in Table 6 and 
the representative examples in Fig. 7b. This parameter determines which 
objects are enhanced within the contextual augmentation module. A 
threshold that is too low results in few objects being enhanced, which 
limits the potential benefits of the augmentation process. Conversely, an 
excessively high threshold amplifies nearly all objects and consequently 
dilutes the attention for descriptive modifiers. This imbalance disrupts 
the coordination among co-occurring objects in the prompt and leads 
to less coherent generations. The results indicate that moderate thresh-
olds achieve the best trade-off between object prominence and attribute 
preservation. For instance, SD 1.4 reaches peak performance between 
0.2 and 0.8. In more advanced architectures like SDXL 1.0 and SD 3.5, 
sensitivity is dataset dependent, where lower values, such as 0.2, are 
optimal for Animal-Animal subsets, but higher thresholds between 0.4 
and 0.8 are superior for complex Object-Object tasks. As illustrated in 
Fig. 6, 𝜏𝑜 serves as a critical mechanism for managing the relative ren-
dering strength of objects. It places greater emphasis on entities with 
initially weaker representations to ensure they are not omitted from the 
final scene. This control effectively regulates spatial proportions and vi-
sual contrast in the generated image. Overall, these findings confirm that 
moderate thresholds enhance semantic coverage without overwhelming 
modifier information or distorting inter-object relations, ensuring that 
each component of the prompt is rendered with appropriate clarity.

Sensitivity of 𝜏𝑎. The sensitivity analysis of the modifier level aug-
mentation threshold 𝜏𝑎 is presented through the quantitative data in 
Table 7 and the visual evidence in Fig. 7c. This parameter regulates 
the strength of attributes within the contextual augmentation module 
by ensuring that modifiers are better distinguished across different ob-
jects while preserving their semantic affinity with the associated object. 
In contrast to the object level threshold 𝜏𝑜, the primary goal here is to 
enhance only the modifiers to improve the clarity of descriptive cues. 
The results indicate that moderate thresholds generally provide the best 
balance between attribute clarity and semantic prominence across var-
ious backbones. For instance, SD 1.4 typically peaks at 0.4 while more 
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Table 6 
Sensitivity analysis of the parameter 𝜏𝑜.

Base Model 𝜏𝑜
 Animal-Animal  Animal-Object  Object-Object  ABC-6K  DVMP
 Full  IR  AES  Full  IR  AES  Full  IR  AES  Full  IR  AES  Full  IR  AES

SD 1.4
 0.1  0.342  1.253  5.581  0.355  1.314  5.472  0.364  1.287  5.129  0.345  0.404  5.351  0.348  0.423  5.376
 0.2  0.342  1.274  5.608  0.358  1.337  5.463  0.362  1.331  5.167  0.348  0.427  5.376  0.355  0.560  5.670
 0.4  0.348  1.326  5.636  0.367  1.679  5.560  0.375  1.538  5.291  0.350  0.470  5.420  0.353  0.554  5.463
 0.8  0.346  1.303  5.611  0.371  1.689  5.566  0.373  1.534  5.165  0.346  0.448  5.413  0.352  0.437  5.395

SDXL 1.0
 0.1  0.311  1.327  5.726  0.342  1.355  5.727  0.353  0.795  5.453  0.345  0.769  5.634  0.343  0.721  5.304
 0.2  0.317  1.448  5.988  0.352  1.386  5.874  0.355  0.914  5.530  0.342  0.742  5.613  0.350  0.871  5.695
 0.4  0.315  1.243  5.976  0.356  1.499  5.921  0.363  0.967  5.530  0.343  0.767  5.626  0.348  0.865  5.571
 0.8  0.314  1.373  5.945  0.354  1.487  5.913  0.361  0.953  5.522  0.340  0.763  5.632  0.347  0.859  5.434

SD 3.5
 0.1  0.345  1.631  5.754  0.364  1.714  5.749  0.375  1.812  5.188  0.343  1.321  5.379  0.343  1.038  5.239
 0.2  0.354  1.707  5.897  0.366  1.753  5.748  0.376  1.787  5.199  0.348  1.398  5.436  0.361  1.067  5.545
 0.4  0.352  1.697  5.799  0.368  1.826  5.812  0.374  1.829  5.264  0.350  1.396  5.670  0.370  1.179  5.706
 0.8  0.350  1.670  5.793  0.367  1.792  5.797  0.378  1.841  5.263  0.347  1.370  5.457  0.364  1.045  5.571

Table 7 
Sensitivity analysis of the parameter 𝜏𝑎.

Base Model 𝜏𝑎
 Animal-Animal  Animal-Object  Object-Object  ABC-6K  DVMP
 Full  IR  AES  Full  IR  AES  Full  IR  AES  Full  IR  AES  Full  IR  AES

SD 1.4
 0.1  0.341  1.115  5.472  0.355  1.313  5.475  0.357  1.282  5.197  0.335  0.312  5.298  0.348  0.387  5.337
 0.2  0.342  1.275  5.614  0.358  1.334  5.530  0.362  1.403  5.239  0.344  0.437  5.396  0.352  0.435  5.396
 0.4  0.348  1.326  5.636  0.360  1.400  5.550  0.375  1.538  5.291  0.346  0.448  5.410  0.358  0.549  5.460
 0.8  0.345  1.316  5.597  0.371  1.689  5.566  0.373  1.523  5.289  0.345  0.439  5.372  0.355  0.514  5.458

SDXL 1.0
 0.1  0.305  1.314  5.594  0.331  1.355  5.728  0.357  0.792  5.349  0.337  0.726  5.627  0.348  0.819  5.543
 0.2  0.317  1.448  5.988  0.343  1.387  5.862  0.355  0.877  5.514  0.345  0.769  5.634  0.350  0.871  5.695
 0.4  0.310  1.423  5.933  0.356  1.499  5.921  0.360  0.946  5.533  0.337  0.757  5.621  0.348  0.861  5.670
 0.8  0.308  1.318  5.893  0.355  1.485  5.870  0.363  0.967  5.530  0.331  0.653  5.395  0.335  0.772  5.323

SD 3.5
 0.1  0.345  1.610  5.743  0.355  1.700  5.696  0.376  1.795  5.164  0.337  1.221  5.363  0.353  0.869  5.459
 0.2  0.354  1.707  5.897  0.365  1.750  5.750  0.378  1.841  5.263  0.348  1.373  5.417  0.361  0.953  5.546
 0.4  0.352  1.690  5.870  0.368  1.826  5.812  0.373  1.769  5.246  0.350  1.396  5.670  0.370  1.179  5.706
 0.8  0.337  1.489  5.593  0.353  1.738  5.757  0.378  1.857  5.263  0.348  1.376  5.437  0.365  1.064  5.567

Fig. 7. Qualitative sensitivity analysis on the effects of 𝛽, 𝜏𝑜, and 𝜏𝑎. Each row in the subfigures shares the same random seed.

advanced models like SDXL 1.0 and SD 3.5 exhibit a dataset-dependent 
sensitivity where values of 0.2 are optimal for Animal-Animal but val-
ues of 0.4 favor complex Animal-Object and DVMP tasks. These findings 
suggest that while strengthening modifiers improves faithfulness by sep-
arating cues for different objects, an excessively high threshold may di-
minish the prominence of individual attributes. As illustrated in Fig. 7c, 
the hyperparameter 𝜏𝑎 controls the rendering strength of attributes by 
ensuring that modifiers within the same semantic group receive con-
sistent enhancement. This mechanism effectively helps distinguish at-
tributes associated with different objects and improves overall visual 
contrast. Similar to the observations for the object-level threshold, the 
optimal value for 𝜏𝑎 varies across different image domains and should 
be adjusted according to the characteristics of the data to ensure the 
most robust generative results.

5.6.  Attention visualization analysis

We evaluate the quality of latent representations by examining key-
word cross-attention interactions at the final timestep, where closer 
alignment between attribute and object attention maps reflects reduced 
semantic leakage. Regarding the SD1.4 backbone in the top row of 
Fig. 8, baseline models often exhibit significant semantic leakage, e.g., 
the incorrect transfer of color semantics from a balloon to an elephant 
or attribute omission caused by global attention interference. For the 
SDXL1.0 backbone shown in the middle row, the performance heavily 
depends on learned visual priors, where the model handles common 
patterns well but fails when prompt semantics conflict with pretraining 
distributions, e.g., assigning unrealistic colors to fire hydrants or grass 
that contradict internal visual priors. For the SD3.5, despite having
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Fig. 8. Visualization of cross attention maps grouped by diffusion backbones. The rows from top to bottom display the attention distributions for SD1.4, SDXL1.0, 
SD3.5, and Flux.1 Dev, respectively. Each column corresponds to a specific prompt scenario, demonstrating the internal consistency and semantic focus of our CALM 
framework across various architectures.

more refined attention distributions, persistent issues remain in com-
plex environments, e.g., semantic interference from surrounding furni-
ture or the omission of background elements like the floor. Regarding 
Flux.1 Dev, the attention encounters attention leakage and erroneous 
rendering when processing complex scenes with multiple objects that 
demand strict positional and morphological accuracy. Across all three 
backbones, CALM achieves superior semantic fidelity by ensuring that 
attention for related pairs overlaps significantly while remaining distinct 
for different semantic groups, which effectively mitigates the leakage 
and entanglement observed in baseline methods. In summary, the base-
line models exhibit frequent semantic leakage and attribute-object en-
tanglement, particularly under conflicting or uncommon prompt compo-
sitions. These phenomena stem from the inherent biases and limitations 
of their learned representations. Our CALM framework achieves better 
semantic fidelity and more precise attention alignment, effectively mit-
igating semantic leakage and improving the consistency between gen-
erated images and the textual prompts.

5.7.  Human evaluation

Recent work suggests that objective metrics alone often fail to cap-
ture the nuances of image quality and human preference, which fre-
quently leads to mismatches between automated scores and actual visual 
appeal. To address this, we conducted a comprehensive human evalua-

tion using 100 randomly selected prompts from each dataset to incor-
porate critical dimensions of context and aesthetics. We recruited 92 
participants with diverse disciplinary backgrounds, including 60 mas-
ter’s students and 23 PhD students, as well as 9 professors. All anno-
tators possessed normal visual and color perception abilities, and their 
evaluations were conducted under strict confidentiality.

To ensure a rigorous and unbiased assessment, we adopted a dou-
ble blind binary forced-choice protocol. In each trial, an annotator 
was presented with a single textual prompt and two images gener-
ated by different methods, such as CALM versus a baseline. The iden-
tities of the methods were randomized and hidden from the raters to 
maintainthe integrity of the results. Participants were required to an-
swer the specific question of which image best matches the prompt 
description. By forcing a selection between the two images, we en-
sured a clear relative preference for each comparison. This process 
was facilitated by a dedicated web-based tool illustrated in Fig. 10, 
which supported real-time data synchronization and efficient evalua-
tion. The resulting win rates across all three backbones are presented in 
Fig. 9.

The human preference win rates across different backbones are il-
lustrated in Fig. 9. On the SD1.4 backbone, although it is a relatively 
smaller model, CALM achieves significant preference margins with win 
rates of 58.2% against SynGen and 71.0% against the vanilla base 
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Fig. 9. Human preference results across different backbones. We report the win rates of CALM against various baselines through a binary forced-choice evaluation. 
The preference rates demonstrate the consistent superiority of CALM in generating images that align better with human perception and textual descriptions.

Fig. 10. Interface of the annotation tool. The clean, web-based interface 
presents the textual prompt and the generated image, requiring the rater to 
perform a binary forced-choice evaluation on the alignment quality.

model. When moving to the more advanced SDXL 1.0 architecture, 
CALM further amplifies the potential of the backbone by reaching a 
dominant win rate of 79.7% against SynGen and 73.6% against the base 
model. This trend suggests that our method is particularly effective at 
leveraging the increased capacity of larger diffusion models to meet user 
expectations for precise and visually appealing generation. The results 
for the DiT-based SD3.5 backbone further confirm the consistent superi-
ority of our approach. While SD3.5 possesses formidable generative ca-
pabilities, our evaluations indicate that traditional refinement methods 
often struggle to fully unlock its potential for high fidelity alignment. 
In contrast, CALM consistently dominates the preference evaluations 
on this platform by achieving substantial win rates of 83.7% against 
SynGen and 85.4% against the base model. These findings empirically 
demonstrate that CALM is better optimized for flow matching architec-
tures and significantly enhances both perceived semantic consistency 
and visual quality. The overwhelming preference for CALM across all 
three backbones highlights its effectiveness in refining complex textual 
prompts into precise visual representations that align more closely with 
human expectations than existing state-of-the-art methods.

5.8.  Computation efficiency

We randomly sampled 100 prompts from the DVMP dataset to eval-
uate computation efficiency, and the results are shown in Table 8. SD 
represents the baseline performance obtained by using only the back-
bone network without any latent optimization, serving as a lower bound 
on inference time. It can be observed that AnE requires the longest time 
due to its iterative latent refinement process, which continues until ei-
ther the latent quality reaches a predefined threshold or the maximum 
number of iterations is exhausted. While CONFORM and T-SAM adopt 
a strategy of iterating only at specific timesteps, they still require multi-
ple internal iterations, resulting in a significantly higher computational 
overhead compared to CALM. Even compared to methods like SynGen 
and EBAMA, which perform optimization only once at a single timestep, 
our method achieves superior efficiency. This is because CALM effec-
tively leverages information from the attention mechanism, significantly 

Table 8 
The average time (min) for generating im-
ages based on 100 random prompts on 
DVMP.

 Method  SD1.4  SDXL1.0  SD3.5
 SD  15.68  142.28  223.33
 AnE  42.53  319.48  408.72
 SynGen  26.01  214.01  275.38
 EBAMA  24.93  205.75  267.93
 CONFORM  25.30  –  –
 T-SAM  24.02  –  –
 Ours  22.96  197.13  261.29

Table 9 
Impact of the spaCy coreference 
resolution component (𝑓 ) on ABC-
6K (Full Sim.) across different base 
models. CALM𝑓  denotes the use of 
fastcoref (Otmazgin et al., 2022) as 
a custom spaCy component for en-
hanced coreference resolution.

 Model  Method  ABC-6K

SD1.4
 CALM  0.346
 CALM𝑓  0.349

SDXL1.0
 CALM  0.345
 CALM𝑓  0.351

SD3.5
 CALM  0.350
 CALM𝑓  0.351

reducing the extensive pairwise attention operations typically employed 
in other approaches. Our method achieves the lowest time consumption 
among all methods. The shortest inference time enhances the practical 
applicability of CALM.

5.9.  Limitation and future work

While CALM is effective on structured prompts (e.g., AnE, DVMP, 
GenEval, and T2I-CompBench), Table 9 demonstrates that it becomes a 
performance bottleneck on unstructured data (e.g., ABC-6K) due to the 
inherent parsing limitations of spaCy in complex semantic resolution as 
noted in prior studies. Additionally, the current reliance on manual hy-
perparameter tuning across different scenarios limits the model’s “adap-
tive” potential in open-domain tasks. Future work will focus on replac-
ing traditional parsers with generative-side attention sharing constraints 
or entity-centric scene graph modeling to ensure semantic consistency, 
while simultaneously implementing learnable hyperparameters.

6.  Conclusion

We introduce CALM, an inference-time optimization framework that 
enhances semantic fidelity in text-to-image generative models. We point 
out that contextual bias acts as a driving force behind semantic misalign-
ment. We leverage semantic group decomposition for adaptive context 
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enhancement. By representing prompts as structured attribute–object 
relations, we guide attention dynamics through token–region alignment 
with contrastive objectives. Experiments on five datasets confirm that 
CALM enforces more accurate and corrects semantic failures while si-
multaneously improving image quality on the fly. Moreover, it provides 
an enhancement that is agnostic to both model architecture and train-
ing methods. We believe CALM paves the way for more reliable and 
semantically grounded image generation.
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