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Figure 1. Left: Original pipeline and generated image of Diffusion Model. Right: VSC individually “search” for visual information of each
binding pair by generating images for each separate pair (“red car” and “yellow bicycle”). Finally, VSC uses them as references to generate

the correct compositional image.

Abstract

Text-to-image diffusion models have shown impressive capa-
bilities in generating realistic visuals from natural-language
prompts, yet they often struggle with accurately binding
attributes to corresponding objects, especially in prompts
containing multiple attribute-object pairs. This challenge
primarily arises from the limitations of commonly used text
encoders, such as CLIP, which can fail to encode complex
linguistic relationships and modifiers effectively. Existing ap-
proaches have attempted to mitigate these issues through at-
tention map control during inference and the use of layout in-
formation or fine-tuning during training, yet they face perfor-
mance drops with increased prompt complexity. In this work,
we introduce a novel compositional generation method that
leverages pairwise image embeddings to improve attribute-
object binding. Our approach decomposes complex prompts
into sub-prompts, generates corresponding images, and com-
putes visual prototypes that fuse with text embeddings to
enhance representation. By applying segmentation-based lo-
calization training, we address cross-attention misalignment,
achieving improved accuracy in binding multiple attributes
to objects. Our approaches outperform existing composi-
tional text-to-image diffusion models on the benchmark T21
CompBench, achieving better image quality, evaluated by
humans, and emerging robustness under scaling the number
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of binding pairs in the prompt.

1. Introduction

Compositionality is a fundamental ability that enables hu-
mans to naturally comprehend the world. It allows us to
quickly recognize new objects through their components or
construct complex sentences by combining words. This skill
empowers us to make “infinite use of finite mean” [6], end-
lessly reusing and recombining familiar concepts in diverse
ways. In terms of developing compositional Al systems,
diffusion models rise as the most feasible component due to
their inherent enormous mode coverage and flexible control-
lability. The diffusion model’s possession of compositional
generalization has been proved with synthetic data and the
dataset CelebA, where the images are easily decomposed
into gender and race [26]. Additionally, diffusion models for
generating images from text prompts are capable of creating
remarkably realistic visuals, allowing users to shape the con-
tent of generated images by crafting detailed and complex
natural-language prompts.

Despite these capabilities, these models often fail to fully
utilize compositionality and produce inaccurate images when
provided with more intricate descriptions. A prevalent is-
sue is improper binding, as illustrated in the left side of
Fig. 1, where descriptive words fail to correctly influence
the visual characteristics of specific nouns they are intended
to modify. For instance, the prompt specifying “A photo
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of a red car and a yellow bicycle” may produce an image
with mixed or misplaced attributes. One likely cause for
these inconsistencies is the reliance on text encoders like
CLIP within diffusion models. Although CLIP demonstrates
strong performance in aligning images with textual descrip-
tions, it faces significant challenges in handling complex
linguistic structures. Specifically, it struggles with encoding
hierarchical relationships and modifiers, which are crucial
for understanding nuanced textual inputs. Previous studies
[20, 33, 34] have highlighted that CLIP tends to simplify
textual inputs by representing them as a “bag-of-concepts,”
disregarding the intricate dependencies and relationships be-
tween words. These inherent weaknesses pose limitations
for diffusion models that rely on CLIP for text encoding, as
they hinder the model’s capacity to fully capture and respect
the precise linguistic relationships specified in prompts.

Serial search theory [35] in cognitive psychology suggests
that when humans encounter objects with multiple features
(e.g., color and shape), our brain processes them individually
to bind these features into a cohesive perception. The theory
has been successfully applied to improve the capability of
large vision-language models [3]. Noticeably, CLIP likewise
strongly materializes compositionality in the single bind-
ing setting [20] and this property is well-preserved in the
latent diffusion model (refer to Section 6.1). Providing spa-
tial information such as bounding box, segmentation maps,
blobs, [7, 10, 25, 40] can drastically improve the composi-
tional generation by controlling the attention to be bounded
in a specific regions while maintaining a reasonable layout.
Those methods can be interpreted as disentangling the de-
sired image into object-level generation. This leads to our
motivation to generate images from every single attribute-
object pair as references for improving the compositional
generalization of the text-to-image diffusion model.

On the other hand, the diffusion model can merge and edit
images, namely subject-driven image generation, by quickly
fine-tuning the model [30] that encodes a unique identifier
that refers to the subject. Notably, Xiao et al. [38] propose a
tuning-free method via training the diffusion model along-
side an image encoder and an MLP. Besides, training an
MLP has also been shown to be effective in improving the
compositionality of the text-to-image model. Therefore, tak-
ing the psychological theory as inspiration, with the above
previous works in diffusion models, our key idea, illustrated
on the right side of Fig. 1, is to develop a framework that
generates images for each binding pair individually and ul-
timately fuses these images into a complete image from
a given prompt containing several attribute-object binding
pairs. The fusing process requires the use of an external
MLP layer, so we create a synthetic dataset and fine-tune
the MLP. Moreover, we extract the segmentation maps of
the object and deploy cross-attention localization training as
in [38] to fix the erroneous cross-attention maps, aiming to

address the extreme decrease while increasing the number

of attribute-object pairs.

Our main contributions are summarized as follows:

* We present VSC, a novel compositional text-to-image dif-
fusion generation method based on a tuning-free, subject-
driven image generation framework. Remarkably, VSC
requires training only an MLP and the final layers of the
image encoder.

* We leverage the remarkable ability of the pre-trained text-
to-image diffusion model in handling single attribute bind-
ing prompts to create synthetic images as reference images
throughout training and inference.

* We achieve state-of-the-art performance on the attribute
binding benchmark compared to other compositional text-
to-image diffusion models, and provide extensive analysis
as well as ablation studies.

2. Related Work

Compositional Text-to-Image Diffusion Model: In recent
work, Huang et al. [15] introduce a benchmark to test com-
positionality in text-to-image models, highlighting the vul-
nerability of open-source models to simple compositional
prompts. They also propose a fine-tuning approach to en-
hance compositionality in these models. Several existing
studies suggest different methods for enhancing composi-
tionality in text-to-image models in both inference time and
training time. In terms of inference time, one popular way is
controlling the attention maps of the cross-attention layers
[1, 22, 28, 36], which would ensure the maps of binding to-
kens are overlapping. However, because the attention scores
are illustrated to be erroneous [39], then scaling the number
of pairs leads to a drastic decrease in performance in those
works. Furthermore, combining the guidance in a structured
approach [9, 21] also mitigates the binding problems.

During training time, other works leverage the layout
information (bounding box, segmentation)[10, 25, 40] to
correctly represent the spatial information of the image and
fine-tune the diffusion model to concentrate on the binding
problem. Additionally, [15, 39] demonstrate the efficiency of
fine-tuning the UNet or an MLP layer, which transforms the
text embeddings. Our work aims to resolve the discrepancy
between cross-attention maps and propose a new approach
to tackling compositional generalization without the need for
human-annotated layouts or direct latent space manipulation.

Recent studies have explored compositionality in Vision-
Language Models (VLMs) through structured scene [13, 14,
23] leverage scene graphs to enhance understanding and gen-
eration of complex visual scenes, while [8, 17] introduce
compositional training and modular architectures to improve
reasoning capabilities. These approaches are closely related
to our goal of enabling compositional text-to-image genera-
tion, and further connect our method to the broader literature
on structured VLM learning.
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Figure 2. The training pipeline of VSC: Given the input text prompt “A blue apple and a green backpack”, VSC first generates images of
each binding pair (“blue apple” and “green backpack™), then uses an image encoder to extract visual prototype features, which is later used
to augment the text embeddings via a trainable MLP module. Finally, a frozen pre-trained diffusion model generates the image with the
augmented text embeddings. Additionally, we compute the L;,. loss between cross-attention maps and segmentation maps to enhance the

precision of cross-attention maps.

Subject-driven Image Generation: Text-to-image personal-
ization is a growing application where models are fine-tuned
to generate unique renditions of subjects based on a few ref-
erence images [11, 19, 30]. Notable works like DreamBooth
[30] and Custom Diffusion [19] excel in this area, generat-
ing highly personalized outputs by fine-tuning a pre-trained
text-to-image diffusion model with a few reference images
and a textual prompt in the form of “a [v] [class name]” or
“photo of a [v] [class name].” In this format, [v] serves as
the subject’s unique identifier—usually a rare token with
minimal inherent meaning—while [class name] represents a
broad category for the subject.

Recent approaches to subject-driven image generation
focus on synthesizing new images of specific subjects using
only a few reference photos but often require computation-
ally expensive tuning, such as DreamBooth [30], Textual
Inversion [24], and Custom Diffusion [19]. Some methods,
like Tuning Encoder [12], aim to reduce fine-tuning steps
by creating initial latent codes with pre-trained encoders but
still face scalability challenges. Tuning-free alternatives like
X&Fuse [18], ELITE [37], and InstantBooth [32] use embed-
ding techniques to map reference images into text condition-
ing, although these methods primarily support single-subject
generation. For multi-subject scenarios, Custom Diffusion
[19] employs joint tuning, while others, like SpaText [2] and
Collage Diffusion [31], rely on segmentation masks to de-
fine object layouts. However, these techniques struggle with
subjects of similar types or require user-specified layouts,
which limit flexibility. FastComposer [38] overcomes these
limitations by implementing cross-attention localization for
better subject separation. To the best of our knowledge, we
are the first to utilize subject-driven image generation in
solving attribute-object binding problems, fully operating on
synthetic images as reference images.

3. Our Approach

3.1. Preliminaries

We build upon the Stable Diffusion (SD) model, a state-of-
the-art framework comprising three main components: a
variational autoencoder (VAE), a denoiser as U-Net in SD
1.4, SD 2.1 or Transformer in SD 3.5, and a text encoder.
In this setup, the VAE encoder E¥ compresses an image x
into a smaller latent space representation z, which is then
perturbed with Gaussian noise € during the forward diffusion
process. The denoiser, parameterized by 6, is trained to
denoise the latent representation by predicting and removing
the noise. Text prompts condition this denoising process via
a cross-attention mechanism, where the text encoder ¢ maps
prompts P to embeddings ¢ (P). During training, the model
minimizes a noise loss function defined as:

Lioise = Ezwg(z),P,sz(O,l),t [HE - 50(2t7 t, w(P))H%] )
1
where z; is the latent variable at time step ¢. At inference,
a noise sample zr is drawn from A(0,1) and gradually
refined by the denoiser to recover z, after which the VAE
decoder D reconstructs the final image & = D(z).

The cross-attention mechanism, in both the U-Net and
Transformer backbone, conditions the denoising process on
the text prompt. This is achieved by transforming the la-
tent code z € RUP=wWxf and text embeddings ¢ € Rmxd
where the text encoder ¢ converts the text P into a set of
d-dimensional embeddings. Both the latent code and the
text embeddings are projected into Query, Key, and Value
matrices: Q = Wiz, K = W¥c, and V = W¥c, where
W1 e R4 and Wk W* € R9* are the learned projec-
tion matrices, and d’ is the shared dimension of Query, Key,
and Value. The attention scores are computed as:

-
A = Softmax (QK

2
NG 2
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allowing the model to compute a weighted sum over the
Value matrix, resulting in the cross-attention output 2z, =
AV € Rxw)xd" Thig mechanism distributes textual infor-
mation across the latent spatial dimensions, where A[i, j, k]
denotes the information flow from the k-th text token to the
latent pixel at position (i, j). This cross-attention structure
provides a foundation for interpreting semantic information
in the latent code.

3.2. Visual Embedding Fusion

Given a prompt P including multiple binding pairs
[[a1,01], a2, 02], ..., [an, 0,]] having the corresponding in-
dex T = [ia1,%01,%a2,%02; - - - s Gan, Gon), @ pretrained im-
age encoder ¢ : REXHXW  _ RD and a lightweight
MLP: R%*P — RP. We first extract the pairs and
generate m images from each pair [a,,o0,] using SD,
so we have the corresponding set of reference images
[[rt,...r™], ... [rk,...,7™]]. Then, the set of images is
fed into the image encoder ¢ to produce the image embed-
dings and we take the mean of each set to get the prototype
representation of each binding pair according to the follow-
ing equations:

vy = o(r}) 3)
1 s ,
€ =_ Zvj for jeZ “)
k=0

resulting in the visual prototype features [ey, e, ..., €,].
Finally, we augment the text embeddings ¢ with those visual
prototype features. For each token in c:

i¢l

5
i:ijEI )

CI )G,

"\ MLP((es, ¢]),
The cross-attention maps in the original Stable Diffusion are
erroneous, leading to incorrect binding (refer to Section. 6.3).
Therefore, we adopt the localizing cross-attention loss from
FastComposer [38] with minor modifications enhancing the
alignment between the cross-attention maps of attribute and
object. Let M = {Mj, My, ..., M,} be the segmentation
masks for the reference pairs existing in the denoising tar-
get. Define A;, = A[:,:,i4], Ai, = A[:,:,14,) € [0,1]7>w
as the cross-attention maps of the i-th pairs, comprising
one map for the attribute and another map for the object.
We then enforce the both 2 maps A,_, A;, to approximate
the segmentation mask M; for the j-th subject token, i.e.,
A;, = A;, =~ M;. We use a balanced L; loss that mini-
mizes the difference between the cross-attention map and
the segmentation mask:

1« _
Lioe = ~ Z [(mean(AZ-a ® M;) — mean(4;, ® M;))

=1

+ (mean(4;, ® M;) — mean(A4;, ® M;)) |, (6)

where mean(A) = ;L 5" 5™ Aj;. The overall train-
ing objective is then defined as:

L = Luoise + ALioc-

3.3. Dataset Creation

We make use of the T2I-CompBench dataset [15], concen-
trating on three attribute categories—color, texture, and
shape—each containing 700 prompts for training. To gen-
erate high-quality images, we use three generative models:
Stable Diffusion 3.5 [29], Flux, and SynGen [28] to generate
300 images for each prompt. Then we use Mask2Former
[5] for instance segmentation and OpenCLIP [16] to com-
pute the alignment score of the segmentation and the given
attribute-object exists in the prompt. Specifically, we run a
greedy algorithm to assign the mask with the text embedding
that has the highest alignment score. Additionally, our eval-
uation emphasizes the disentangled BLIP-Visual Question
Answering (VQA) score introduced by Huang et al. [15]
as a metric for image quality. The VQA score measures
how precisely an image captures the compositional elements
specified in a prompt and aligns more closely with human
judgment compared to metrics like CLIP-Score [27]. Finally,
we select 45 images with the best scores for each prompt,
resulting in the final dataset consisting of 90,000 images and
their precise segmentation.

4. Experiments

4.1. Evaluation Results

How well can VSC compose the object with its corre-
sponding attribute? Huang et al. [15] has proposed the
BLIP-vqa score to evaluate the composition capability. We
adopt their evaluation method on attributes of color, shape,
and texture. Furthermore, we compute the harmonic mean
(HM) to unify the scores into one as follows:

3
M= 17

cTTT3S
where C, T, and S represent the individual performance
scores for Color, Texture, and Shape, respectively. We evalu-
ate the methods on T2I CompBench dataset.

Table 1 lists the performance of baseline, ours, and previ-
ous work, such as Composable [21] and Structured [9]. In
Stable Diffusion 1.4, our method achieves the highest scores
across all three attributes (Color: 0.66, Texture: 0.61, Shape:
0.47), outperforming the other methods. In Stable Diffu-
sion 2.1, our method also achieves the best performance,
with scores of 0.74 for Color, 0.64 for Texture, and 0.53 for
Shape, indicating significant improvements over other mod-
els like GORS-unbiased [15], WiCLIP [39], and SynGen
[28]. Stable Diffusion 3.5 with VSC archives the highest
performance, resulting in 0.85, 0.79, and 0.63 for Color,
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Model Color Texture Shape HM
Stable Diffusion 1.4
" Baseline 037 041 035 0375
WiCLP 0.53 0.56 0.45 0.509
SynGen 0.63 0.57 0.46 0.544
VSC 0.66 0.61 0.47 0.568
Stable Diffusion 2.1
" Baseline 050 049 042 0467
Composable 0.40 0.36 0.32 0.357
Structured 0.49 0.49 0.42 0.464
Attn-Exct 0.64 0.59 0.45 0.547
GORS-unbiased  0.64 0.60 0.45 0.550
WiCLP 0.65 0.60 0.48 0.567
CONFORM 0.68 0.61 049 0.5824
InitNO 0.69 0.61 049  0.5849
SynGen 0.71 0.61 0.50 0.594
VSC 0.74 0.64 0.53 0.608
Stable Diffusion 3.5
" Baseline 076 067 053  0.639
Attn-Exct 0.79 0.69 0.53 0.652
CONFORM 0.80 0.69 0.53 0.654
InitNO 0.79 0.70 0.54 0.660
SynGen 0.82 0.74 0.59 0.703
VSC 0.85 0.79 0.63 0.727

Table 1. Quantitative results on T2I CompBench. We compare
the state-of-the-art methods with ours on 3 categories of the bench-
mark dataset (color, texture, and shape). Additionally, we provide
the harmonic mean. With the same backbone, VSC is consistently
better than others. The best is Stable Diffusion 3.5 with VSC.

Texture, and Shape, respectively. The results demonstrates
the effectiveness of our method in generating images with
accurate color, texture, and shape fidelity across all three
versions of Stable Diffusion. Our method can be applied to
any diffusion model.

Does VSC’s performance drop with an increasing num-
ber of binding pairs in prompts? Previous cross-attention
control methods [4, 22, 28] often experience a performance
drop with an increasing number of binding pairs in prompts.
Rassin et al [28] hypothesize that the loss in those cases
becomes too large, making the image start to lose its vi-
sual quality. Given that the objective of those methods is
to separate cross-attention maps, we believe that erroneous
maps, as shown in [39], are the main factor causing failure.
Thus, with the integration of the localizing cross-attention,
we expect the cross-attention maps of VSC to be more pre-
cise and less affected by the aforementioned phenomenon.
Thus, we evaluate VSC’s performance under incrementing
numbers of binding pairs. To set up the experiments, we
provide all the individual attributes and objects, used in the
T2I-CompBench validation set, and randomly combine them
into the prompt with the template “a [attribute] [object], ..., a

Method 3 4 5
Stable Diffusion 2.1

SynGen 0.6779 0.4846 0.1189
VSC 0.6881 0.5479 0.1901
Stable Diffusion 3.5
“SynGen 0.8081 0.5664 0.1815

VSC  0.8132 0.6183 0.2461

Table 2. Quantitative score with Different Numbers of Binding
Pairs. We randomly combine attributes and objects from T2I
CompBench into single prompts to analyze compositions with
varying complexity. Our method consistently performs well, even
when handling a high number of bindings.

[attribute] [object]” with the desired number of pairs. Finally,
we use chatGPT to correct the grammar of the prompt and
avoid misleading the index in the fusing computation.

Stable
Diffusion 2.1

Stable
Diffusion 3.5
=

+ white rose

a blue vase, a green
apple, a red book

+ gold clock

Figure 3. Generation with the increasing number of binding
pairs. We show the generated images when the prompt includes
more pairs. We observe that the generated image consistently
reflects the additional composition.

Table 2 presents a BLIP-vqa score comparison between
two methods, SynGen, which updates the latent with cross-
attention loss, and VSC across different numbers of attribute-
object binding pairs (3, 4, and 5). For each binding pair
configuration, our method outperforms SynGen. These re-
sults indicate that our method consistently performs better
in handling complex attribute-object binding scenarios, with
increasing accuracy benefits over SynGen as the complexity
of the binding pairs increases. Additionally, we provide the
qualitative results of when the prompts consisting of 3, 4,
and 5 different binding pairs, respectively as shown in Fig. 3.
Throughout the 3 images, the visual appearance of objects
is consistent, with only one major change in the layout of
the “red book™ to fit into the image, highlighting the model’s
capability to generate coherent images while scaling the
complexity of attribute-object bindings.

4.1.1. Human Eval

Does VSC generate realistic images? We supplement this
with human evaluations to assess the overall quality of gen-
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SynGen

A glass cup
and a
fabric blanket

A fabric hat
and a
glass mirror

A metallic desk
lamp and a
fabric curtain

Ared train
and a
blue bowl

Adining area
features a wood
table and chairs,

a silver refrigerator
and light
brown cabinets

VSC (2.1) SD3.5

VSC (3.5)

Figure 4. Qualitative result of compositionally. Compared to the baselines, our method can generate the image with better composition.
Specifically, for the last row, Stable Diffusion 3.5 and VSC with 2.1 and 3.5 reflect the prompt better than others, such as silver refrigerator
and wood chairs. For the second row, VSC with 2.1 and 3.5 generates the mirror; Stable Diffusion 3.5 fails to reflect the mirror.

erated images, given that the lack of real reference images
makes conventional metrics like the Fréchet Inception Dis-
tance (FID) score unsuitable for this task. We assess image
quality using Amazon Mechanical Turk (AMT). Raters were
given a multiple-choice task, which included four images of
the same object cropped from generated images of the same
prompt by different models reported in Table 3. We crop
objects and compare them individually to discard the correla-
tion of correct binding and visual quality. Raters could also
select an option indicating that all images are “equally good”
or “equally bad”. We collected responses from ten raters and
recorded the majority decision. If there was no clear major-
ity, the result was categorized as “no majority winner”. The
values represent the fraction of the majority vote from raters,
normalized to sum to 100. Furthermore, Figure.4 shows the
qualitative results of compositional generation comparisons.

Among the methods, VSC received the highest majority
vote for visual appeal at 30.01%, indicating a strong prefer-

Methods Image Quality (%)
Stable Diffusion 3.5 12.61
A&E 14.87
SynGen 25.18
VSC 30.01
No majority winner 17.33

Table 3. Human evaluation on image quality. Focusing on the
visual quality regardless of binding correctness, we crop out the
objects and compare them individually. Values are the fraction of
the majority vote of raters, normalized to sum to 100. VSC is voted
most, implying it generates visually appealing images.

ence among raters. SynGen followed with 25.18%, while
A&E and Stable Diffusion 3.5 scored lower at 14.87% and
12.61%, respectively. Finally, 17.33% of ratings resulted in
no majority winner. The table. 3 demonstrates that VSC is
most favored by raters in terms of realistic quality, outper-
forming the others, and fine-tuning on synthetic data does
not lead to the degeneration of visual quality.
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5. Analysis

In this section, we examine the impact of scaling the syn-
thetic training dataset, assess the transferability of different
compositional types, and evaluate our method’s inference
cost with an increased number of binding pairs.

5.1. Scaling Law of Synthetic Data

Metric @ Color - Shape -® Texture — SD2.1 - SD3.5

0.9

08—+ g === La

Accuracy
o
9

o
o

0.5

0.4

5k 10k 100k
Dataset Size

Figure 5. Scaling dataset: The accuracy of models on T2I-
CompBench while training on different dataset sizes (visualized in
log-scale), highlighting the positive impact of dataset scaling on
model performance.

We trained our model on six different subsets, each con-
taining Sk, 10k, 20k, 30k, 60k, and 90k images, respec-
tively, to analyze the impact of dataset scaling on model
performance. As illustrated in Fig. 5, increasing the dataset
size leads to a noticeable improvement in accuracy for each
attribute, demonstrating that a larger dataset contributes
to better model performance. Across all attribute cate-
gories—color, texture, and shape—as well as different back-
bone models, including SD2.1 and SD3.5, the performance
steadily improves as the dataset grows from 5,000 to 30,000
images. Beyond this point, further scaling up to 90,000 im-
ages provides a marginal enhancement across all categories.

5.2. Transferability of Compositionality

To evaluate the model’s ability to generalize compositional-
ity across different groups, we trained it on images from the
color group and tested its performance on both the texture
and shape groups. Table 4 compares the performance of
two models, a model trained on all compositional categories
(“Full-categories training”), a model trained only on the
color category (“Color-only training”), and the baseline —
across three attributes. In both backbones, the “Color-only
training” model slightly outperforms the “Full-categories
training” in Color and importantly shows marginal advances
in Texture and Shape compared to the baseline. This out-
come suggests that as long as the pre-trained diffusion model

Model Color Texture Shape
,,,,,,,,, Stable Diffusion2.1
Baseline 0.50 0.49 0.42

Full-categories training  0.74 0.64 0.53
Color-only training 0.77 0.60 0.46
Stable Diffusion 3.5
o Baseline 076 ~ 0.67 053
Full-categories training ~ 0.85 0.79 0.63

Color-only training 0.89 0.74 0.58

Table 4. Transferable compositionality: We show that training
VSC only on “Color” category can improve the performance on the
remaining categories. Color-only VSC outperforms the baseline on
“Texture” and “Shape”, demonstrating the transferability.

can exceptionally generate images from a single pair, VSC
can control it in multi-pair settings even if the pair is not in
the training set.

5.3. Inference Time Cost

Model
- A&E
- Baseline
SynGen
30 VSC
7,1\ /
kel
c
Q
O
[}
2
[0}
£
§ 20
[v4
T
2 3 4 5

Number of Binding Pairs in Prompt

Figure 6. Inference cost. We show the inference time of VSC,
SynGen, A&E, and the baseline according to the number of bind-
ing pairs in the prompt. Although VSC is the slowest in 2-pairs
generation, VSC efficiently scales to be faster than SynGen and
A&E after the number of pairs exceeds 4 and 5, respectively.

VSC efficiently scales its inference time by generating
all supporting images in parallel, making it more scalable
than SynGen and Attend-and-Excite, and it requires roughly
1.1GB VRAM for each additional reference prompt. As visu-
alized in Figure.6, across different numbers of binding pairs,
the inference time of the VSC remains approximately 2.26
times (2.26x) the inference time of the default SD 3.5. In con-
trast, SynGen starts at 2.44x and Attend-and-Excite at 2.28x
of the baseline when the prompt contains only two pairs.
However, as the number of pairs increases, the inference
cost rises significantly for SynGen and Attend-and-Excite,
making VSC the fastest model when handling prompts with
five pairs, excluding the baseline.
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6. Ablation Studies

6.1. Single binding generation

Model
Stable Diffusion 2.1

Texture
0.9398

Color
0.9483

Shape
0.8520

Table 5. Single attribute-object prompt generation. We illustrate
that the pre-trained Stable Diffusion 2.1 is already superior in
generating images from any single pair in the T2I-CompBench.

We extract all attribute-object pairs in T2I-CompBench
[15], then for each pair, we sample 10 images and finally
compute the BLIP-vqa score. The results in Table 5 demon-
strates that SD2.1 already achieves outstanding accuracies
on all categories in the single binding setting, discarding the
need for data curation to be effectively used as reference
images in both training and inference.

6.2. Image Encoder

Zarei et al [39] fine-tuned only an MLP and got a comparable
result, so we ablate the importance of fine-tuning some late
layers of the image encoder.

|
o
o
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Localization Loss
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o o
w N

-0.04
02 5 10 15 20 30 40
Training Steps (k)
<+ ViT-L/14-2 layers A ViT-H/14-3 layers
frozen ViT-L/14 @ frozen ViT-H/14

Figure 7. Localization cross-attention Loss (L 1,..). We depict the
importance of fine-tuning the last few layers of the image encoder,
as it help the whole pipeline to descent the Ly, oc.

Fig. 7 shows the localization loss over training steps for
different model configurations. The plot compares four se-
tups: ViT-L/14 with trainable 2 layers, ViT-H/14 with 3
trainable layers, and 2 frozen configurations of ViT-L/14 and
ViT-H/14. Both fine-tuning procedures make the localization
loss converge to approximately —0.04, while frozen models
maintain high loss levels without any significant decrease
after the training steps pass 5000 steps. The need to train
the last 2-3 layers of the image encoder may stem from the
nature of prototype embeddings. Unlike other subject-driven
image generation frameworks, which are optimized to per-
fectly preserve the unique identity of a specific subject, our

focus is on the binding problem and on maintaining diversity
in the generated images. Consequently, the cross-attention
operation on prototype embeddings is less accurate com-
pared to using exact-object embeddings.

6.3. Cross-attention Maps

To support our previous claim about the high precision of the
cross-attention map in Section. 4.1, we compare the cross-
attention maps of the binding tokens obtained from VSC and
the pre-trained SD2.1. Given a correct image, we use DDIM

blue bench green bowl

Figure 8. Visualization of cross-attention maps. In VSC, the
maps are more fine-grained, and the pairs’ maps are well-aligned.

to revert the image back to timestep 20, feed-forward to the
UNet backbone, and visualize the cross-attention maps of
both models at that timestep. Figure. 8§ showcases cross-
attention maps for a given prompt. In the SD2.1, attention
maps exhibit inaccuracies, with tokens incorrectly focusing
on unrelated pixels. In contrast, in VSC, objects and at-
tributes align more precisely with their corresponding pixels
even when the objects are overlapping, assisting our claims.

7. Conclusion

This work addresses the critical challenge of enhancing
attribute-object binding in recent text-to-image generative
models, especially diffusion models, by introducing a novel
pairwise visual embedding fusion approach. By decom-
posing complex text prompts into sub-prompts, generating
visual prototypes, and incorporating segmentation-based
localization training, our proposed method noticeably im-
proves compositional generalization and accuracy. The re-
sults demonstrate superior performance on the T2I Comp-
Bench benchmark across various attributes, including color,
texture, and shape, even under scaling complexity in binding
pairs. Additionally, qualitative and quantitative evaluations
validate the method’s robustness and adaptability compared
to the state-of-the-art models. These findings highlight the
potential of combining linguistic and visual embeddings in
improving generative models and paving the way for future
advancements in creating highly compliant compositional
images from complex textual prompts. Future work could ex-
plore expanding this approach to broader applications, such
as complex scene generation or dynamic object interactions.
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