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Abstract

Text-to-image models such as Stable Diffusion (SD) require comprehensive, fine-grained,
and high-precision methods for evaluating text-image alignment. A prior method, the
text-image alignment metric (TTAM), employs a template-based approach for fine-grained,
high-precision evaluation; however, it is restricted to objects and colors, limiting its com-
prehensiveness. This study extends the TIAM by incorporating attention maps and vision—
language models to deliver a fine-grained and high-precision evaluation framework that
goes beyond colors and objects to include attributes, actions, and positions. In our experi-
ments, we analyze the evaluation scores of images generated by the proposed method and
compare them with human judgments. The results demonstrate that the proposed method
outperforms existing methods, exhibiting a stronger correlation with human judgments
(r=0.853, p < 107%8). In addition, we applied the proposed method to evaluate the gen-
eration abilities of three SD models (i.e., SD1.4, SD2, and SD3.5). Each experiment used
over 900 images, totaling 9858 images across all experiments to ensure statistical signif-
icance. The results indicate that SD3.5 exhibits superior expressiveness compared with
SD1.4 and SD2. Nevertheless, for more complex tasks such as multi-attribute generation or
multi-action generation, limitations in text-image alignment remain evident.

Keywords: image synthesis; diffusion processes; text-to-image; performance evaluation;
natural language processing

1. Introduction

In recent years, significant advancements in text-to-image (T2I) models have received
increasing attention in academia and across the broader society. Many companies apply
T2l models to diverse tasks, including packaging design and product launch promotions.
Text-image alignment, i.e., the ability of a model to generate images accurately reflecting
input text prompts, is a key capability that has attracted significant research attention [1-3].
Research on evaluating text-image alignment in T2I models is essential for assessing model
performance and driving progress in the field. It is also critical for facilitating related
technologies, such as text-to-video and text-to-3D generation.

The text-image alignment metric (TIAM) [4] is a template-based evaluation method
specifically designed to assess text-image alignment, focusing on issues such as catastrophic
neglect and attribute binding. As demonstrated by TIAM, precise control of the template
structure allows text-image alignment to be evaluated in a fine-grained manner, enabling
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separate assessment of the generation of objects and their attributes, such as color. Further-
more, by utilizing an object recognition model for accurate localization, TLAM achieves a
combined fine-grained and high-precision evaluation. However, the evaluation of TIAM is
not comprehensive due to two factors. First, similar to some previous studies [5,6], TIAM
relies on pretrained object recognition models restricted to a narrow set of object categories.
Second, although TIAM proposes an effective method for color discrimination, it cannot
evaluate other attributes. Therefore, T2I models that exhibit good generation performance
with such specific classes or colors are more likely to obtain higher scores. This approach
risks compromising the fairness of the evaluation metric, especially for Stable Diffusion
(SD) models [7], which generate images from diverse text prompts. In other words, the
evaluation of SD models using TIAM is partial and incomplete.

In this study, we extend TIAM to evaluate each object in generated images, along with
its attributes, actions, and positions, to provide a more comprehensive evaluation of the
performance of SD models. We refer to this extended method as the Advanced Text-Image
Alignment Metric (TTAM-ADV).

We focus on these aspects because they represent critical visual factors. They indicate
how well a model captures the presence of objects and their properties, behaviors, and
spatial relationships, all of which are essential for accurate text-image alignment. To this
end, a practical method is to leverage vision-language models (VLMs) for evaluating T2I
models. VLMs, such as BLIP-2, enable broad and detailed assessment of text-image align-
ment and are commonly employed in the evaluation of T2l models [8-11]. Nevertheless,
accurately assessing all fine-grained details of the generated images remains challenging.
These difficulties arise from the inherent complexity of visual scenes and the limitations
in model capacity or resolution. Consequently, determining which visual details have
been correctly captured becomes difficult, thereby introducing errors when assessing text—
image alignment. To address these failures, we develop a method that can extract partial
image regions associated with text tokens to improve the accuracy of VLMs and ensure
comprehensive coverage. Our approach leverages attention maps to extract specific image
regions associated with individual text tokens and feed these regions into a VLM. Attention
maps effectively act as a bridge between tokens and their corresponding image regions,
as shown in recent studies [12,13]. For example, prompt-to-prompt image editing [14]
allows users to edit images according to text prompts by manipulating attention maps,
demonstrating the ability of attention maps to localize image regions corresponding to
specific tokens. Building on this capability, our previous study [15] validated the reliability
of this approach for static entities (objects and attributes). The present work generalizes
the framework to relational or abstract concepts (actions and positions) by leveraging their
visual anchoring to associated objects, enabling a more comprehensive and fine-grained
assessment of generated scenes.

Figure 1 illustrates the evaluation process of TTAM-ADV. First, a set of prompts
is generated from predefined templates. Next, the target SD model generates images
according to these prompts. Finally, the generated images are evaluated in terms of text—
image alignment, and scores are calculated accordingly.

Regarding the experiments, we first evaluated the effectiveness of TIAM-ADV. The
results show that TTAM-ADV aligns more closely with human assessments than existing
methods across all aspects, demonstrating its high precision and comprehensive capability
as an approach for evaluating text-image alignment. Subsequently, by applying TIAM-
ADV to SD1.4, SD2, and SD3.5, we performed a detailed analysis of the characteristics of
each model. The findings reveal that SD3.5 achieves greater expressiveness than SD1.4
and SD2 even though challenges in text-image alignment persist in complex tasks such as
multi-attribute and multi-action generation.
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Step 1: Generate multiple prompts for each of the four Detecting Attention Regions
aspects (object, attribute, action, and position). using Attention Maps

“An image of {apc(np;)}i_,.” 1

Object 1."an image of a catand a clock.”, 2. ..., 3. ..., ...

Attribute | 1.“an image of a purple cat.”, 2. ..., 3. ..., ...

Action 1.“animage of arunning cat.”, 2. ..., 3. ..., ...

Position | 1.“an image of a cat on the bed.”, 2. ..., ...

Step 2: Generates images

| Mclock ARclock
Step 3: Calculate the score
: |
— Aggregated result of these l:l I]D

Description VLM CALL Y BLIP2 assessments:

-D1. There is a cat in this image. - A2V - approximately 50% of N

. o success generated images match ><

-D2.Thereis a clock in this image. IZ' text prompt

Figure 1. Overview of evaluation pipeline. (1) A set of prompts is generated from predefined
templates. (2) The target SD model generates images according to these prompts. The gray image
on the right illustrates how the attention region is detected using attention maps. Here, I denotes
the input image, M and Mk denote the mask for the ‘cat’ and ‘clock’ tokens, respectively, and
AR and AR/ denote the corresponding attention regions. (3) Calculate the TTAM-ADV score.

The primary contributions of this study are summarized as follows.

*  We extend a template-based evaluation framework to cover the generation of objects,
attributes, actions, and positions.

¢  Weincorporate attention maps and VLMs into the evaluation process, enabling a more
precise and comprehensive evaluation across objects, attributes, actions, and positions.

*  We use TIAM-ADYV to analyze the generation ability of three SD models (i.e., SD1.4,
SD2, and SD3.5). The results demonstrate that SD3.5 exhibits significantly higher
performance than the other two models. However, limitations in text-image align-
ment remain evident for more complex tasks, such as multi-attribute or multi-action
generation, suggesting that further research is required to address these challenges.

2. Related Work
2.1. Evaluation of Synthetic Images

The evaluation of synthetic images has long been a critical research challenge. Early
work [16] categorized evaluation metrics into two categories: plain image-based and text-
conditioned metrics. Plain image-based metrics, such as the inception score (IS) [17] and
Fréchet inception distance (FID) [18], primarily assess the similarity between generated
and real images, without adopting any text condition. These metrics were sufficient for
earlier generation models, such as generative adversarial networks [18], which exhibit a
limited ability to express complex text prompts. With the rapid development of T2I models
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capable of handling arbitrary text prompts, researchers have highlighted that conventional
plain image-based metrics are inadequate for evaluating such models [19]. In contrast,
text-conditioned metrics, which emphasize the consistency between the generated image
and the input text prompt, have attracted considerable interest. Various text-conditioned
evaluation methods have been proposed to assess text-image alignment [4,10,11,20].

Motivated by the need for robust evaluation, TIAM introduced a template-based
approach for assessing text-image alignment in T2I models. In this work, we extend TIAM
to evaluate the generation of objects, attributes, actions, and positions. This extension
enables us to more comprehensively assess modern T2I models, such as stable diffusion
models, across diverse application contexts.

2.2. Attention Maps in Diffusion Models

In SD models, attention maps are acquired during the image generation process. Here,
we use the architectures of SD1.4 and SD2 as examples for explanation. First, a latent
variable Zt ~ N(0,I) is used as an initial value, and at each time step t(t = 1,2,...,T),
noise is removed in a step-by-step manner to obtain a clean image. Here, noise removal
is performed using the U-Net architecture [21], whereas the text prompt p is transformed
into embeddings using a text encoder. The text embeddings are then fused with the visual
feature embeddings at each layer of the U-Net via a cross-attention mechanism. This
mechanism comprises two primary components: the query (Q) and key (K) matrices. The
query represents the information being sought, and the key represents the reference against
which the query is compared. Cross-attention uses the query and key matrices to focus
on relevant information between different sources. The data from the image are projected
onto the query matrix, and the data from the text prompt are projected onto the key matrix.
Let ¢(Z¢) denote the intermediate representation of the latent variable Z; at time step ¢
within U-Net.

The query matrix is defined by

Q = I4(¢(Z)). 1)

Here, I; denotes a linear transformation. The resulting query matrix Q € Rsxde,
where d; denotes the dimensions of the deep spatial features and d, denotes the dimensions
of the image embedding vector space.

The key matrix is defined by

K =L (p(p))- 2

Similar to the query matrix, [, denotes a linear transformation. The key matrix
K € R5%%, where S denotes the sequence lengths (i.e., the length of the prompt after
tokenization), and d, represents the dimension of the text embedding vector space.

Then, the spatial attention maps for the prompt p = {t,|r € [1,R]} are obtained

as follows:
QK

Ve

AM!,, = Softmax(

), )

where 1/+/d, denotes the scaling factor.

In U-Net, it is possible to obtain AM,,, at different resolutions from the layers. Fol-
lowing the approach outlined in the literature [14], this study considers the averaged values
of AM},,, at a 16 x 16 resolution as the spatial attention maps AMP. Then, the spatial
attention maps are resized to the image size. We denote the spatial attention maps for
token t, as AM'". These spatial attention maps represent the attention regions within the
image corresponding to each token. Several previous studies [14,22-24] have used this
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characteristic to propose image editing techniques or to enhance text-image alignment by
manipulating the attention maps.

We propose a method that leverages attention maps to identify partial images of
tokens and inputs them into a VLM to determine whether these tokens are accurately
represented in these images. In addition, our approach can be applied to any T2I model
that outputs attention maps. For example, by leveraging Python (3.11.11) libraries such as
Attention Map Diffusers [25], the proposed method can be extended to other models (e.g.,
Flux-Schnell [26]).

2.3. Vision—Language Model

Vision-language models (VLMs) are trained on large-scale image—text pairs to extract
features from images and text, and to align them in a shared or comparable embedding
space. This enables cross-modal assessment of semantic similarity between images and text,
and makes VLMs widely used for tasks such as visual question answering [27] and image—
text matching [28]. Bootstrapping language-image Pre-training (BLIP) [8] is a foundation
VLM that supports image captioning, image—text retrieval, and visual question answering
tasks. BLIP-2 [9] further enables instruction-following capabilities through a two-stage
pretraining strategy that introduces a learnable Q-Former to bridge the gap between
a frozen image encoder and a large language model (LLM), achieving state-of-the-art
performance across multiple multimodal tasks.

Building on BLIP/BLIP-2, several evaluation metrics have been proposed to quan-
titatively assess text-image alignment, including BLIP-2-ITC and BLIP-2-ITM [9], DA-
score [10], and T2I-CompBench++ [11]. These methods pass the entire image to BLIP-2 for
evaluation or scoring. In contrast, to improve accuracy, our approach passes part of the
image to BLIP-2 for evaluation.

3. Materials and Methods

In this section, we introduce TIAM-ADYV, a method for evaluating the performance
of SD models across four aspects of their generated images: object, attribute, action, and
position. Figure 1 shows an overview of TIAM-ADV. For a given model under evaluation,
we first generate multiple prompts corresponding to the four aspects. Based on these
prompts, the target model generates images for performance assessment. For each image,
our method computes an evaluation score using attention maps and a VLM, which are then
aggregated into an overall performance score.

3.1. Structuring Prompt Templates

The template-based text generation method [29] constructs predefined templates and
generates sentences by filling in the slots with required information. TIAM leverages this
approach, demonstrating that its key advantage lies in providing quantitative evaluations
across diverse aspects. Inspired by TIAM, we define the following basic prompt template:

“An image of {apc(np;)}iy.” @

The template contains n noun phrases np;. apc(np;) denotes a function that systemati-
cally attaches linguistic modifiers, such as articles, prepositions, and conjunctions, to the
noun phrase np; to improve the fluency of the resulting sentence.

A prompt is composed of multiple noun phrases np;, which are defined as follows.

np;={  attrilact obj;  pos; objP*%i }. (5)
——— ~  ——
Attribute or Action ~ Object Position
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Each noun phrase consists of four parts: (1) an object obj; € OBJ;, (2) an attribute
attr; € ATTR; modifying the object, (3) an action act; € ACT; performed by the object, and
(4) a position pos; € POS; indicating the spatial position of the object with another object
objP%i € OBJP°i. Among the attribute, action, and position aspects, at most one may be
selected, and it is also permissible to select none. The reason is that the generation ability
under the three aspects is typically evaluated independently to obtain clear and explainable
experimental results. Rather than complicate prompts that encompass them all, we use
only one aspect to generate prompts, which is predefined before evaluation experiments.

For example, to generate text prompts from the template, let n = 2 and assign each
part of the noun phrase to the following sets of words: OBJ; = OBJ, = {cat’,‘banana’},
POS; = POS; = {'near’,’under’}, and OBJP’1 = OBJF2 = {’desk’}. Our approach can
produce prompts such as “an image of a cat under the desk and a banana near the desk.”

We generate all possible combinations based on the set of words used; therefore, the
number of generated prompts |P| can be calculated as follows:

n
|P| = [T(IXi| x |OBJi|), X; = {ATTR;, ACT;, POS;}. (6)
i=1

For P, we first filter out those prompts that contain repeated words and then employ a
LLM to remove prompts with unnatural language expressions.

3.2. Detecting Attention Regions Using Attention Maps

The gray area in Figure 1 illustrates an example of the attention region detection
process using attention maps. Here, the white region in the mask (denoted as M and
M¢lok), obtained from the attention maps, highlights the area most strongly influenced by
the corresponding token during image generation. In other words, this region of the image
best represents the corresponding token. We extract and denote it as the attention region
AR'" and pair it with the corresponding token t,.

The attention region AR'" is computed as follows. First, we generate the attention map
AM'" corresponding to the token t,. Specifically, we utilize the cross-attention mechanism,
extracting the attention weights that align intermediate visual features with the text embed-
ding of t,. To ensure robustness, we collect these attention weights from selected modules
of the model (e.g., those with an intermediate spatial resolution such as 16 x 16 in SD 1.4)
and average them across these modules to form a 2D attention map. This aggregated map
AM'" represents the spatial influence of the token on the generated image. The detailed
formulation and implementation are provided in Section 2.2.

The attention map is normalized to the range [0, 1] and thresholded as follows:

‘ 1 if AM}, >1/6
AMan = { 0 else. “ @

Here, w € [1, W] and h € [1, H] denote the spatial indices along the image width and
height, respectively. The threshold 8 directly affects the resulting attention region extracted
from the attention map. Larger values allow more pixels to be included, whereas smaller
values produce more compact areas. The detailed analysis regarding the choice of 6 is
provided in Section 4.1.3.

Next, we focus on the token t, € {att; act;, obj;, pos; } within a noun phrase (np;). We
then elaborate on the methods for obtaining the mask M corresponding to each token t,.

For a token t, € {obj;, attr;, act;},

M = AM%i v AMY. (8)

https://doi.org/10.3390/info17020149
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For a token t, = pos;, because the spatial position refers to the relationship between
two objects, the corresponding mask is obtained by aggregating the maps of both objects.

M = AM%i v AMPOSi v AMO" )

where V denotes element-wise logical OR for binary attention masks. We use the logical
OR to safely include all relevant regions, even if it slightly enlarges the attention area.

The design of mask generation is motivated by the observation that, in image genera-
tion, attributes, actions, and positions are typically manifested through and anchored to the
associated objects. As a result, the attention maps of such tokens tend to concentrate on the
relevant objects and their surrounding regions. Therefore, we apply thresholding to isolate
strong attention signals and integrate the associated object attention map to capture more
comprehensive information. We empirically validate its reliability for practical applications
in Section 4.2.

Finally, with the original image denoted by I, the attention region AR'" is computed
as follows:

AR" =10 M, (10)

where © denotes element-wise multiplication. We found that setting the background
of AR" to white enhances the correlation with human judgments. Therefore, the black
background is converted to white by inverting the mask M’ and applying it via pixel-
wise addition.

3.3. Designing Scores

Following previous research [4], for the target model under evaluation, our method
computes a score as the average over all generated images. BLIP-2 was employed to
determine the evaluation value for each image. The formula is defined as follows:

n
Epeppnion| [ [ Step(BLIP2(SD(p, x) ©M", D)),
i=1
t, € {objj, attr;, act;, pos;} (11)

Let P denote the set of prompts generated by the templates. For each p € P, the images
are generated using different xy ~ N(0, I) sampled with different seeds. Here, n denote the
number of np;, and SD(p, x) ® M (i.e., AR") represents the partial image corresponding
to the token ¢,. In addition, the function D;, generates the descriptive text to be input into
BLIP-2 and is defined as follows:

Dyyj; = “There is apc([obji]) in this image.”

Doy, = “There is apc([attr|[obj;]) in this image.”

Dyct, = “There is apc([act;][obj;]) in this image.”

Dyos; = “There is apc([obj;][pos;][objF**i]) in this image.” (12)

Similar to Equation (4), apc(-) denotes the function that adds linguistic modifiers to improve
sentence fluency. For example, for the given prompt “an image of a big cat” the function
Dgtr, generates the following descriptive text: “There is a big cat in this image.” Along
with the corresponding attention region, the generated descriptive text forms what we
refer to as a region—text pair, which serves as the basic evaluation unit in our framework.
BLIP-2 then returns a probability value that measures the consistency of the region—text
pair, indicating how well the descriptive text aligns with the corresponding image region.
We apply a step function that compares the probability with a threshold T to obtain a
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binary decision: if the probability is greater than or equal to the threshold 7, the pair
is considered consistent (success, returning 1); otherwise, it is considered inconsistent
(failure, returning 0). Section 4.1.3 describes the procedure for determining the threshold
values. An image generation process is considered successful only when the image and
text prompt fully match, i.e., when all corresponding descriptive text receives a value of 1.
After averaging the values over multiple images to obtain a score, a higher score indicates
that the images better match the prompts and implies improved model performance.

4. Experiments and Result Analysis

This section first describes the implementation details in Section 4.1. To assess the
effectiveness of TTAM-ADYV, Section 4.2 presents a user study conducted to compare its
results with human evaluations. Moreover, we analyze the application of TTAM-ADV
to three models, i.e., SD1.4, SD2, and SD3.5. Their characteristics are summarized in
Section 4.3.

4.1. Implementation Details
4.1.1. Dataset

Selecting an appropriate predefined dataset is crucial for a comprehensive and effective
evaluation. To address a more general case, we constructed a dataset using the process
described below and summarized in Figure 2.

Animal ‘cat’, ‘bird’, ‘horse’, ‘elephant’ /giraffe’ ‘walking’ ‘reading’
Vehicle ‘boat’, ‘bus’, ‘bicycle’, ‘car’, ‘airplane’ ‘running’ ‘driving’
Sport ‘frisbee’, ‘kite’, ‘snowboard’, ‘surfboard’, ‘skateboard’ ‘jumping’ ‘talking’
Kitchen ‘cup’, ‘spoon’, ‘bottle’, “fork’, ‘bowl’ ‘waving’ ‘laughing’
XV : e XV
Food ‘donut’, ‘sandwich’, ‘banana’, ‘broccoli’, ‘carrot’ ‘dancing’ ‘shaking’
Furniture ‘chair’, ‘bed’, ‘mirror, ‘window’, ‘desk’ ‘singing’
Electronic | ‘tv), ‘laptop’, ‘remote’, ‘keyboard’, ‘phone’
Appliance | ‘microwave’, ‘toaster’, ‘sink’, ‘toaster’, ‘blender’, ‘above’ ‘left’
Indoor ‘book’, ‘clock’, ‘vase’, ‘scissors’, ‘toothbrush’ ‘right’ ‘inside’
Accessory | ‘umbrella’, ‘suitcase’, ‘shoe’, ‘handbag’, ‘tie’ “far’ “front’
Size ‘small’, ‘big’, ‘tall’, ‘short’ right behind
Age ‘new”. ‘old’ ‘outside’ ‘on’
Shape ‘circle’, ‘triangle’, ‘heart’, ‘square’ ‘below’ ‘near’ Y
Color ‘red’, ‘yellow’, ‘blue’, ‘purple’ ‘top’ ‘under’
Material ‘silver’, ‘wooden’, ‘metallic’, ‘paper’ ‘bottom’
Template: “animage of a [attr;] [obj;].”
Y XV
. ~ ~
Prompt: “an image of a purple cat.”

Figure 2. Summary of predefined dataset.

*  Object set: We randomly selected 10 super categories from the common objects in
context dataset [30] and sampled five object categories from each super category,
resulting in an object set of 50 object categories (words).

e  Attribute set: We referred to Practical English Usage [31] and A Practical English
Grammar [32] to identify the major categories of adjectives. Consequently, the major
categories include size, age, shape, color, and material, and the adjective set comprises
18 commonly used adjectives.

https://doi.org/10.3390/info17020149
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*  Action set: We selected 11 dynamic verbs from the Oxford 3000/5000 list [33], includ-
ing ‘walking,” ‘running,” ‘jumping,” ‘waving,” ‘dancing,” ‘singing,” ‘reading,” ‘driving,’
‘talking,” ‘laughing,” and ‘shaking.” These verbs were selected for three reasons: (1)
high frequency in daily use, (2) visual distinctiveness, enabling reliable recognition in
generated images, and (3) natural co-occurrence with objects of interest, specifically,
animals from our object set and the single human category “person,” to minimize the
likelihood of unnatural prompts in the action-related experiments.

*  Position set: Following existing research [34], we selected adverbs describing the
relative positions between the two objects to construct the following position set:
{"above’, ‘right’, “far’, ‘outside’, ‘below’, ‘top’, ‘bottom’, ‘left’, ‘inside’, ‘front’, ‘behind’,
‘on’, ‘near’, ‘under’}.

4.1.2. Sampling Based Evaluation Protocol

For the generated prompts P, we employed a LLM to filter out prompts with unnatu-
ral language expressions and then classified the remaining prompts into two categories:
realistic and nonrealistic. Although the filtering and classification process eliminated a
significant portion of the prompts, the theoretical cardinality of the full set P (Equation (6))
remained extremely large, making exhaustive evaluations impractical. To make the evalua-
tion feasible, we adopted random sampling to estimate model performance scores.

To balance the trade-off between accuracy and computation, we determine the required
size based on an acceptable error margin and a 95% confidence interval. For example, to
achieve a +0.05 error margin under a conservative assumption, approximately 385 randomly
sampled prompts per template are sufficient. This approach ensures reliable evaluation
scores without exhaustively evaluating the entire set.

In this experiment, we begin with approximately 300 randomly sampled prompts from
the entire set. Following prior work [4], this sample size is sufficient to obtain reasonably
accurate estimates of model performance. We additionally compute the corresponding
error margins to quantify uncertainty. To enable performance comparisons across models
and support statistical significance testing, we further increase the number of sampled
prompts as required by the specific analysis.

4.1.3. Threshold Determination

We determine thresholds for two distinct purposes in our study: one for binarizing
the attention maps (0) and another for binarizing the BLIP2 predictions ().

Attention Map Threshold 0

To determine an appropriate threshold 6 for binarizing the attention map, we first
conducted a qualitative inspection by visualizing attention regions generated with different
threshold values and comparing their effects intuitively. The threshold was explored in the
range of 1 to 10 with a step size of 0.5. Several representative visualization examples are
shown in Figure 3. As 6 increases, the attention regions evolve from failing to adequately
cover critical areas, to accurately retaining the relevant areas, and eventually to including
an increasing amount of irrelevant areas. Empirically, we observe that 8 = 3.5 provides a
balanced trade-off between retaining critical areas and removing irrelevant areas.

In addition to qualitative inspection, we further performed a quantitative analysis to
support the selection of 6. Specifically, we randomly sampled images generated by SD1.4,
SD2, and SD3.5 from the experiment described in Section 4.3, and manually annotated
the image areas relevant to the corresponding tokens. This process resulted in a total of
60 human-annotated ground-truth masks. For each image, predicted masks were obtained
from the attention map under different 6 values, and the Intersection over Union (IoU) was
computed between each predicted mask and its corresponding human annotation. The
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mean IoU (mloU) [35] was then calculated by averaging IoU values over all annotated
images. Considering the substantial cost of manual annotation and the fact that this
analysis aims to examine relative mloU trends rather than absolute performance, we
limited the evaluation to 60 annotated samples, which we found sufficient to observe
consistent trends. As shown in Figure 4, the mloU reaches its peak around 6 = 3.5, where
the predicted masks exhibit the closest alignment with the human annotations. Based on
both qualitative and quantitative evidence, we select § = 3.5 as the attention map threshold
in all subsequent experiments.

0=15 0=3.5

Figure 3. Visualization of attention regions under different threshold values 6.

0.7
0.6
0.5
0.4
0.3
0.2
0.1

0

-~mloU

11522533544555.566.577.588.599.510
C}

Figure 4. mIoU under different threshold values 0.

BLIP2 Prediction Threshold T

To select an appropriate threshold 7 for binarizing BLIP2 predictions, we evaluated all
180 region—text pairs, which were balanced across the three models and all templates. The
procedure was as follows:
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1.  Receiver operating characteristic (ROC) curves were constructed for each evalua-
tion aspect.

2. We calculate Youden’s index for the points on the ROC curves. It is defined
as | = TPR — FPR, where TPR and FPR denote the true and false positive rates,
respectively.

3. The optimal threshold T was explored in the range of 0.25-0.85 with a step size of 0.05.
The selected optimal threshold was then used to maximize the | value.

Consequently, the optimal thresholds T were determined as 0.45, 0.55, 0.55, and 0.65
for objects, attributes, actions, and positions, respectively.

4.1.4. Implementation

All experiments in this study were conducted using PyTorch (2.7.1). Token-level
attention maps were obtained following previous studies, such as prompt-to-prompt [14]
and attention-map-diffusers [25]. The experiments were run on SQUID (Supercomputer for
Quest to Unsolved Interdisciplinary Data Science). We selected SD1.4, which employs a U-
Net + VAE + CLIP architecture, and SD2, which replaces CLIP with OpenCLIP to improve
text-image alignment. SD3.5 further advances text-image alignment by incorporating
a large language encoder (T5-XXL) and more flexible CLIP variants, together with the
MMDiT Transformer generator and training techniques such as QK normalization, enabling
improved understanding and execution of complex prompts. The number of sampling
steps was fixed to 50 for SD1.4 and SD2 and 15 for SD3.5, as sampling steps are not directly
comparable due to the rectified flow formulation in SD3.5, which enables near-converged
image quality with fewer steps, ensuring a comparable convergence regime for each model.
The classifier-free guidance scale was set to 7.5. Prompt checking and classification were
performed using Gemini 2.5 Pro [36].

4.2. User Study

In this experiment, we aimed to measure the gap between human judgment and
the scores produced by various evaluation metrics, including the proposed method and
existing approaches. First, we conducted a T2I matching survey of the generated images
with 30 human participants. The survey presented the participants with several prepared
images, each accompanied by a descriptive text generated by D;,. The participants were
asked to place a check mark before the text if the image matched it. As a restriction, the
participants were instructed to ignore aesthetics or personal preference, and to focus solely
on the text-image alignment of each image. Figure 5 shows some example questions
from the survey in Google Forms. We used 120 images generated in the experiment
described later in Section 4.3. Table 1 summarizes the object, attribute, action, and position
aspects of these images, including the number of erroneous images identified in each
aspect. The results of the participants yielded Fleiss” kappa of 0.694, indicating “substantial
consistency” [37] confirming the reliability of the survey results.

Table 1. Summary of properties of 120 evaluated images. Numbers in parentheses indicate the
number of erroneous images in each aspect.

Aspect Number of Images (Erroneous)
Object 30 (10)
Attribute 30 (14)
Action 30 (17)
Position 30 (14)
Total 120 (55)
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Queries about object generation Queries about attribute generation
There is a boat in this image. There is a big cat in this image.
There is a chair in this image. There is a wooden chair in this image.
Queries about action generation Queries about Position generation

There is a running horse in this image. There is a cat on the bed in this image.

There is a singing person in this image.

Figure 5. User interface. We asked the participants to place a check mark before the descriptions
that match the image. There may be multiple correct answers. The descriptions for each image were
derived from its prompt using Equation (12). The prompts were: “An image of a boat and a chair.”
(top-left), “An image of a big cat and a wooden chair.” (top-right), “An image of a running horse and
a singing person.” (bottom-left), “An image of a cat on the bed.” (bottom-right).

Second, we compared the human judgment with the scores produced by BLIP-2,
PickScore [38], ImageReward [39], HPS v2 [40], and TIAM-ADYV using Pearson correlation
to quantify how closely each automatic metric reflects human judgment. BLIP-2, PickScore,
ImageReward, and HPS v2 are commonly used metrics for evaluating image-text alignment
and visual quality in T2I models. Table 2 presents the experimental results. Compared with
previous studies, the Pearson correlation coefficient of TTAM-ADV was the highest, reaching
0.853 (p < 10~48). Typically, a correlation greater than 0.7 is considered a strong positive
association, indicating that the proposed method aligns closest with human judgment.

Table 2. Pearson correlation coefficients for each method. The highest value is highlighted in bold.

BLIP2 Pickscore ImageReward HPS v2 TIAM-ADV
0.504 0.620 0.823 0.712 0.853
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The prediction capabilities of the metrics were further assessed using ROC curves, as
shown in Figure 6. Among them, TITAM-ADYV achieved the highest predictive performance,
with an area under curve (AUC) of 0.96, slightly exceeding ImageReward and outperform-
ing other metrics. Unlike ImageReward, our method does not require additional training
of the VLM, providing greater flexibility. Notably, TTAM-ADYV also outperformed BLIP-2
(AUC 0.82) and exhibited a stronger correlation with human judgment, highlighting the
effectiveness of its attention region extraction of tokens, which distinguishes it from BLIP-2.
This confirms that the attention maps are sufficiently informative for the evaluation task
considered in this work.

BLIP2 PickScore ImageReward
10 10 1o
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Figure 6. ROC curves, with the corresponding AUC values annotated within each figure.

Overall, TIAM-ADYV exhibits the highest correlation with human judgment, demon-
strating its effectiveness for assessing text-image alignment. A brief comparison of the
other metrics clarifies their complementary roles. As highlighted in previous research,
PickScore predicts relative scores with an emphasis on user preferences, HPS v2 provides
absolute scores but primarily emphasizes image quality rather than text-image alignment,
and ImageReward considers both alignment and factors such as fidelity and harmlessness.
In contrast, TTAM-ADYV generates absolute scores solely based on text-image alignment,
making it particularly reliable when alignment is the primary concern. At the same time,
it can still serve as a complement to such approaches. Meanwhile, TEM-ADYV does not
require any additional training and can readily utilize different VLMs as needed, making it
a flexible and lightweight evaluation approach.

4.3. Results of Model Comparison

In this experiment, we adapted our method to three models, namely, SD1.4, SD2, and
SD3.5. Our method evaluated their performance by assigning scores using four prompt sets
that focused on the image generation of objects, attributes, actions, and positions. These
prompt sets were generated from templates (Table 3) and word sets (Figure 2). Based on
these scores, we further analyzed the differences in performance among the three models
and identified their individual characteristics.
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Table 3. Overview of the templates used for assessing object, attribute, action, and position generation.

Aspect Templates Used in Experiments

Object Single: “an image of obj;.”
Multiple: “an image of obj; and 0bj;.” (obj; # obj;)

Attribute  Single: “an image of attr; obj;.”
Multiple: “an image of attr; obj; and attrj obj;.” (obj; # obj; and attr; # attr;)

Action Single: “an image of act; obj;.”
Multiple: “an image of act; obj; and act; obj;.” (obj; * obj; and act; =+ act;)

Position  Single: “an image of apc([obj;] [pos;] [objFo%i]).”

First, we report the performance scores for object generation. The Object set consists
of 50 object categories. For each distinct pair of categories (0bj;, 0bj;) with obj; # obj;, we
constructed the prompt “an image of obj; and 0bj;” (controlling the articles as expected),
generating 1225 images in total. We randomly sampled 600 images each from the images
generated by SD1.4 and SD2 and 300 images from those generated by SD3.5 to ensure
sufficient data for statistical significance testing. The alignment between the prompts and
the images was then evaluated using TTAM-ADV. For comparison, we also experimented
with 300 images, which were generated from the simpler prompt “an image of obj;,” while
changing the random seed .

The results are presented in Table 4, which reports the evaluation scores for object
generation using prompts with one or two objects. The values in parentheses indicate the
error margin and the 95% confidence interval. All models performed well in generating
images containing a single object, achieving scores above 0.847. However, when generating
two objects simultaneously, SD1.4 and SD2 struggled, achieving significantly lower scores
of 0.338 and 0.399, respectively. In contrast, SD3.5 consistently maintained a score of 0.904.
Significance analysis confirms that the differences between the three models are statistically
significant at the 95% confidence level. These findings indicate that although SD1.4 and
SD2 exhibit comparable performance, SD2 performs slightly better in generating images
with two objects. Overall, SD3.5 substantially outperforms both models.

Table 4. Evaluation score for object generation.

Model (obj1) (obji1,0bj2)

SD1.4 0.920 0.338 (95% CI 0.311-0.365)
SD2 0.847 0.399 (95% CI 0.371-0.427)

SD3.5 0.954 0.904 (95% CI 0.875-0.933)

Next, we characterized the capacity of the models to apply attributes to objects. Two
types of prompts were considered: “an image of attr; obj;” and “an image of attr; obj; and
attrj obj;,” where obj; # obj; and attr; # attrj, which were obtained from the Object and
Attribute sets. For the single-attribute prompts, 900 (18 x 50) prompts were generated.
Using a LLM, we filtered out prompts exhibiting unnatural language expressions and
classified the remaining prompts into “realistic” and “unrealistic” categories. We then
randomly sampled 300 images from each category. For the two-attribute prompts, only the
realistic prompts were considered. To ensure a sufficient number of samples for statistical
significance testing, we randomly sampled 600 images each from the images generated by
SD1.4 and SD2 and 300 images from those generated by SD3.5.

The results are presented in Table 5, where the columns correspond to prompts
with one realistic attribute, one unrealistic attribute, and two realistic attributes. For
the single-attribute prompts, SD1.4 and SD2 achieved scores of approximately 0.7, whereas
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SD3.5 achieved a score of 0.877. The scores of SD1.4 and SD2 dropped to 0.035 and 0.068,
respectively, when generating two objects with attributes. In contrast, SD3.5 consistently
maintained a score of 0.625 for the two-attribute prompts. The statistically significant
difference indicates that SD1.4 performs worse than SD2, which is outperformed by SD3.5
in multi-attribute generation. All models did not exhibit a significant difference between
the realistic and unrealistic categories. Compared with object-only generation (Table 4),
adding attribute generation led to decreased scores across all models. These results suggest
that although SD1.4 and SD2 exhibit comparable performance for single-attribute prompts,
SD2 outperforms SD1.4 in multi-attribute generation, and SD3.5 substantially outperforms
both in terms of attribute generation.

Table 5. Evaluation score for attribute generation.

Model attri(Realistic) attri(Unrealistic) (attry,attry)(Realistic)

SD1.4  0.700 (95% CI 0.663-0.737) 0.699 0.035 (95% CI 0.020-0.05)
SD2 0.680 (95% CI 0.643-0.717) 0.637 0.068 (95% CI 0.048-0.088)

SD3.5 0.877 (95% CI 0.851-0.903) 0.885 0.625 (95% CI 0.570-0.680)

To evaluate the ability of the models to associate actions with objects, we used the
set Action to construct prompts. To avoid unnatural prompts, the object set was restricted
to OBJ; = {’bird’, ‘cat’, ‘horse’, ‘elephant’, ‘giraffe’, ‘person’}. Specifically, two types of
prompts were considered: “an image of act; obj;” and “an image of act; obj; and act; obj;,”
where obj; # obj; and act; # act;. For the first prompt type, we generated 66 text prompts
(including 35 unrealistic prompts such as “An image of a talking giraffe,” and 31 realistic
prompts), yielding 660 images by changing the random seed . For the second prompt
type, we randomly sampled 600 images each from the images generated by SD1.4 and SD2
and 300 images from those generated by SD3.5, all drawn from the realistic prompts.

The results (Table 6) indicate that for all three models, generation using realistic
prompts outperformed that using unrealistic prompts. Furthermore, the score decreased
as the number of specified actions increased. SD3.5 substantially outperformed the other
two models. In particular, in the two-action generation experiment, SD3.5 achieved a
score of 0.422, which was significantly higher than those of the other two models (0.003
and 0.025, respectively). Between these two models, SD2 outperformed SD1.4 in multi-
action generation, with statistically significant results. Overall, more than half of the image
generations involving two actions failed. Therefore, we consider that enhancing image
generation for multiple actions would be a promising research direction for future work.

Table 6. Evaluation score for action generation.

Model act;(Realistic) acti(Unrealistic) (acty,acty)(Realistic)

SD1.4 0.748 0.425 (95% CI 0.404-0.446)  0.003 (95% CI 0.002-0.004)
SD2 0.739 0.577 (95% CI 0.556-0.598)  0.025 (95% CI 0.022-0.028)

SD3.5 0.839 0.597 (95% CI1 0.576-0.618)  0.422 (95% CI 0.381-0.463)

To evaluate the ability of the models to generate images depicting the spatial rela-
tionships between objects, we considered prompts of the form “an image of apc([obj]
[pos;] [objFo%i]),” where obj; and pos; are from the Object and Position sets, respectively, and
0bjP%i € {‘chair’, ‘bed’, ‘mirror’, ‘door’, ‘desk’ }. We obtain 300 prompts from all possible
combinations after filtering out unnatural expressions.

The experimental results are presented in Table 7, showing that SD3.5 also substan-
tially outperforms SD1.4 and SD1.5 in representing positions, achieving a score of 0.851.
Compared with object generation, adding positional relationships reduces the score of
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image generation, particularly for SD1.4 and SD2, whose scores drop from 0.92 and 0.847
to 0.357 and 0.381, respectively.

Table 7. Evaluation score for position generation.

Model obji pos1

SD1.4 0.920 0.357 (95% CI 0.303-0.411)
SD2 0.847 0.381 (95% CI 0.326-0.436)

SD3.5 0.954 0.851 (95% CI 0.811-0.891)

The experimental results reveal that the text-image alignment performance of SD1.4
and SD2 is roughly comparable. However, SD2 exhibits better performance in multi-
object, multi-attribute, and multi-action image generation. SD3.5 consistently outperforms
SD1.4 and SD2 across multiple generation tasks. Notably, substantial improvements were
observed in position, multi-attribute, and multi-action generation. However, the most
significant limitation of SD3.5 lies in its multi-action generation capability, which may
represent a valuable direction for further exploration in future research.

5. Discussion

In this study, we introduce TIAM-ADYV, a comprehensive, fine-grained, and high-
precision method for evaluating text-to-image alignment. It enables researchers to examine
model behavior across various visual aspects, establishing a more rigorous basis for future
T2I model evaluation.

5.1. Theoretical Implications

TIAM-ADV extends the template-based TIAM framework by assessing multiple
aspects of generated images, thereby advancing the systematic understanding of T2I
alignment. Unlike prior approaches that either rely on object detection models to identify
image regions corresponding to tokens or require additional training on large-scale human
evaluation data to simulate human judgments, our method leverages attention maps
to enhance evaluation precision, demonstrating the feasibility of using attention-based
analysis for high-precision evaluation.

Furthermore, the flexibility of attention maps opens up opportunities for developing
multifaceted evaluation metrics, such as layer-wise or time-step-based analyses of attention
within U-Net architectures, offering new directions for theoretical exploration.

5.2. Practical Implications

TIAM-ADV provides a lightweight and flexible evaluation framework with the po-
tential to accommodate different VLMs without additional training. This adaptability is
particularly valuable for domain-specific applications. For instance, evaluating the perfor-
mance of T2I models in the medical domain, such as for pathology image generation, can
be achieved by integrating domain-specific VLMs, such as Pathology Language and Image
Pretraining (PLIP), without retraining the evaluation framework. In contrast, existing
methods (e.g., PickScore, HPS v2, ImageReward) that require additional training cannot
generalize effectively to specialized domains.

Furthermore, TIAM-ADV focuses exclusively on text-image alignment, complement-
ing other metrics that assess human preferences or aesthetics. Consequently, high TIAM-
ADV scores alongside lower scores on other metrics can reveal alignment proficiency even
when visual quality or aesthetic appeal is lower, enabling practitioners to interpret model
behavior more accurately in real-world applications.
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5.3. Limitations and Future Work

Despite its advantages, the proposed method has a few limitations.

First, selecting an appropriate dataset remains challenging. Ensuring sufficient cov-
erage of relevant objects, attributes, actions, and positions while avoiding unnatural or
ambiguous language requires careful design. To address this, we plan to leverage LLMs to
assist in generating and filtering high-quality prompt sets, potentially automating parts
of the dataset construction process to ensure linguistic naturalness and alignment with
evaluation objectives. In addition, considering the complexity of this process, future work
may incorporate multiple Al models in a collaborative framework to further enhance the
robustness of the overall pipeline.

Second, our approach does not address the issue of attribute leakage. Attribute leakage
occurs when attributes erroneously appear on unintended objects. For example, as shown
in Figure 7, the attribute “yellow,” which should apply to the car, has instead leaked
onto the walls. To quantify this limitation, we conducted a supplementary analysis using
prompts following the template “an image of attr; obj;” across SD1.4, SD2, and SD3.5
(100 images each). Manual inspection revealed attribute leakage rates (the proportion of
images where the attributes appeared in non-target regions) of 0.142, 0.167, and 0.080,
respectively. Despite its occurrence, since our method evaluates only the objects specified in
the prompt, it ignores background regions and thus cannot capture attribute leakage. This
design, inherited from the original TIAM, aligns with user intent: for instance, given the
prompt “an image of a yellow car,” a user typically considers the generation successful if
the vehicle appears yellow, even if parts of the background share the same color. However,
to enable stricter evaluation standards and more comprehensive scene analysis, future work
will aim to extend the method to detect attribute leakage through attention map analysis.
Specifically, this can be achieved by examining whether attention maps corresponding to

an attribute token extend beyond the target object.

Figure 7. Example of attribute leakage. The image is generated from the prompt “An image of a
yellow car.”

In addition, our method utilizes thresholded attention maps to generate binary masks.
While experiments in Section 4.2 demonstrate strong agreement with human judgments,
we acknowledge this strategy captures approximate token—-image correspondence without
explicitly distinguishing token types. Specifically, relational or abstract concepts such as
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actions and positions may require distinct handling compared to objects. In future work, we
plan to explore more flexible mask generation mechanisms, such as token-specific modeling
strategies, to more accurately extract relevant regions and improve evaluation performance.

6. Conclusions

As an evaluation metric for T2I models, TIAM relies on predefined templates to
measure consistency in relatively simple aspects such as object count and color. Although
this approach is effective within its scope, it is inherently limited because it overlooks
other crucial visual factors that determine how well a generated image aligns with its text
prompt. In this study, we address this limitation by extending TIAM to a more advanced
framework, termed TIAM-ADV. The proposed method integrates attention maps with
VLMs, thereby enabling a comprehensive, fine-grained, and high-precision evaluation.
Unlike the original TIAM, TIAM-ADV evaluates not only objects and colors but also
attributes, actions, and positions, which are essential for capturing the semantic richness
of text prompts. To validate the effectiveness of TTAM-ADV, we analyzed the evaluation
scores of images generated by the proposed method and compared them with human
judgments. The results demonstrate that TIAM-ADV outperforms existing methods by
exhibiting stronger correlations with human judgments. Furthermore, we applied the
proposed method to evaluate the generation abilities of three SD models (SD1.4, SD2, and
SD3.5). The findings indicate that SD3.5 exhibits superior expressiveness compared with
SD1.4 and SD2. However, limitations in text-image alignment remain evident in more
complex scenarios, such as multi-attribute or multi-action generation.

Future work will focus on extending the method to address challenging text-image
alignment issues, such as attribute leakage. We also aim to apply the metric to real-world
scenarios where structured or template-like text is prevalent. One example is the medical
domain, which is experiencing rapid growth in text-to-image (T2I) model applications [41].
We plan to leverage large language models to assist in generating high-quality prompt sets,
thereby facilitating dataset construction and ensuring linguistic naturalness.
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Abbreviations

The following abbreviations are used in this manuscript:

T2I Text-to-image

SD Stable diffusion

TIAM Text-image alignment metric

TIAM-ADV  Advanced text-image alignment metric
VLM Vision-language model

BLIP Bootstrapping language-image pre-training
LLM Large language model

TIoU Intersection over union

ROC Receiver operating characteristic

AUC Area under curve
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