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ABSTRACT

Text-to-image (T2I) diffusion models have advanced notably, but still fail to sat-
isfy prompt conditions, resulting in attribute mismatches and missing objects.
These errors normally fall into two categories: concept loss, when an object or
attribute (i.e., concept) goes missing, and concept confusion, when an attribute
is assigned to the wrong object or multiple objects blend together. Recent stud-
ies suggest that these challenges are caused by the limited capacity of CLIP text
encoder to capture fine-grained semantic details. Although several methods have
been proposed, concept loss and concept confusion persist in recent T2I models
when handling multi-object, multi-attribute prompts. In this paper, we conduct an
embedding-level analysis to develop an inference time, model independent solu-
tion, addressing concept loss and concept confusion. We find that (1) concepts
mentioned later exhibit higher embedding entropy, indicating higher uncertainty
and making them more vulnerable to concept loss, and (2) the first CLIP attention
layer captures the strength of binding between each object and its attribute. Guided
by our findings, we introduce TIE, a method that improves semantic alignment
through a single text-embedding update. TIE addresses concept loss via entropy-
aware singular value amplification and resolves concept confusion through inter-
polation—extrapolation binding based on CLIP attention scores, all in a training-
free manner. Extensive experiments demonstrate that TIE enhances semantic fi-

delity in multi-concept scenarios with minimal sampling overhead.

1 INTRODUCTION

Text-to-image (T2I) generation has advanced
substantially through the development of dif-

fusion models [Podell et al. (2023); Rombach

(2022)); [Esser et al| (2024); [Saharia et al.
(2022)), achieving notable performance in gen-
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erating images from general prompts Rombach

let al.| (2022)); [Saharia et al.| (2022)); [Ramesh et al.
(2022). However, they continue to struggle with
prompts involving multiple objects and attributes
(e.g., color, shape), often resulting in seman-
tic inconsistencies [Ramesh et al.| (2022); (Clark
(2023). For example, given a simple
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Figure 1: Failure cases in simple prompts.

prompt "a brown boat and a blue cat",the generated image sometimes contains only a
brown boat, or falsely depicts a brown cat and a blue boat. As prompt complexity increases, such
failures occur more frequently and manifest in more varied forms.

In text-to-image (T2I) synthesis, the text prompt itself specifies the desired constraints on the out-
put, in which objects should appear and which attributes should be bound to each object. Failures
in controlled generation can therefore be viewed as violations of these prompt-induced constraints.
For clear understanding, these failures can be classified into two categories: concept loss and con-
cept confusion, as illustrated in Fig. [} Concept loss occurs when some of the intended objects or
attributes specified in the prompt are missing from the generated image. This concept loss includes

*Equal contribution.
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cases where objects appear without their corresponding attributes (Fig. [Th) or where an object is
entirely omitted (Fig.[Ip). In contrast, concept confusion arises when the binding between attributes
and objects are incorrectly aligned. Such misalignment leads attributes to be assigned to unrelated
objects (Fig.[Ik) or merges objects (Fig.[Il). These failures indicate that even large-scale T2I models
still struggle with multi-object and multi-attribute prompts.

Several studies [Podell et al.| (2023)); (Chefer et al.| (2023); [Feng et al.|(2022)); |Liu et al.| (2022)) have
attributed the failures to the limitations of text embeddings used in T2I models. Although the widely-
used CLIP text encoder Radford et al.| (202 1)) provides rich textual representations, it often struggles
to capture fine-grained details|Yuksekgonul et al.|(2022); Tang et al.|(2023)); |[Zarei et al.| (2025)); Jing
et al.|(2024). To address this limitation, previous works have proposed methods to improve text em-
beddings suitable for T2I synthesis |Radford et al.| (2021). Some approaches merge tokens |Hu et al.
(20244a) or adaptively bind embeddings |Zhuang et al.| (2024) to mitigate concept confusion. Others
optimize embeddings iteratively |Chen et al.| (2024) or utilize additional supervision with prompt
parsing Feng et al.[(2022) to tackle concept loss. However, existing methods address only part of the
problem by focusing on either concept loss or concept confusion, often relying on precomputation
or additional supervision [Feng et al.| (2022); |Hu et al.| (2024a); [Zhuang et al.| (2024). In this work,
we perform a concept-level analysis of CLIP text encoder and its embeddings to device a general
and efficient solution to concept loss and concept confusion.

To address these challenges, we identify two indicators of concept loss and concept confusion. First,
to address concept loss, we observe a positional bias in which concepts appearing later in the prompt
are more likely to be omitted in the generated image. Based on this finding, we look for a quantitative
measure which estimates the likelihood of concept loss. Through various observations, we find that
token entropy, the entropy of each token embeddings, reflects the degree of uncertainty and serves as
a quantitative indicator of concept loss. Second, to mitigate concept confusion, we look into the first
layer attention scores of the CLIP text encoder, referred to as LO attention scores. We demonstrate
that LO attention scores effectively show the strength of binding between concept tokens and how
much it should be strengthened to reduce concept confusion. These two indicators allow to predict
the chance of both concept loss and concept confusion using only the internal mechanisms of the
CLIP text encoder.

Based on our findings, we propose two methods to address the limitations of T2I models: Adaptive
Embedding Preservation (AEP) for mitigating concept loss, and Interpolation-Extrapolation Binding
(IEB) for resolving concept confusion. AEP adaptively amplifies tokens according to token entropy
to encourage their presence in the generated image. IEB enhances the semantic binding strength
between objects and their corresponding attributes based on the L0 layer, while simultaneously sup-
pressing the binding strength of irrelevant attribute-object pairs. We refer to the combined frame-
work of AEP and IEB as TIE. TIE improves text-image semantic alignment across multi-attribute
and multi-object scenarios. Our model updates embeddings in a single step and in a training-free
manner, making it applicable to existing T2I models and enabling reliable generation.

Our main contributions are as follows:

* We identify two indicators that jointly address concept loss and concept confusion. First,
the token entropy reflects uncertainty and serves as a cue for preventing concept loss. Sec-
ondly, the LO attention score effectively captures attribute-object binding and serves as a
indicator for how much the binding should be adjusted to address concept confusion.

* We propose TIE, a post-training, inference-time framework that enhances text-image align-
ment via a single-step embedding update using AEP and IEB. AEP amplifies concept to-
kens with high embedding entropy to prevent concept loss, while IEB adjusts inter-concept
relations using CLIP attention to clarify associations between each object and its attribute,
thereby addressing concept confusion.

» Experimentally, TIE improves prompt-constraint satisfaction on multi-attribute and multi-
object benchmarks with minimal inference-time overhead compared to baselines.

2 RELATED WORKS

Text-to-image (T2I) diffusion models have advanced remarkably, enabling the generation of realistic
images from a given prompt [Podell et al.[(2023)); Rombach et al.[(2022); Esser et al.[(2024)); Zhang
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Figure 2: Analysis of positional bias and token entropy on concept loss. (a) When issuing the
prompt "a {(attri;) {(obj;> and a {attry) <objo)", {attrs) and {objs) is far more
prone to being misaligned or missing. (b) Left: The attribute-object pair mentioned later in the
prompts shows higher entropy than the pair mentioned earlier, regardless of the tokens themselves.
Right: Same holds for 3-pair prompts. (¢) Comparison of entropy for {attrs) (red) and {objs)
(blue) tokens each for when {attrsy) is Aligned, Misaligned or Missing, and when {objs) is
Present, Mixed, or Missing, demonstrating that higher entropy predicts concept loss.

et al.[(2023)). To generate text conditional images, T2I diffusion models integrate embeddings from
a text encoder into the denoising network through mechanisms such as cross-attentionSaharia et al.
(2022); |Ramesh et al.| (2022); [Li et al.|(2023); Nichol et al.| (2022); |Chen et al.| (2023)); |Balaji et al.
(2022). However, they often struggle to preserve the semantic alignment between prompts and
generated images when multiple objects or attributes are involved Ramesh et al.[ (2022); [Clark &
Jaini| (2023)); |ILeivada et al.|(2022)); Rassin et al.| (2022)).

Latent-based Methods. To address this fundamental challenge, recent studies propose refining
the cross-attention mechanism. A&E |Chefer et al.| (2023) is the first work to propose a tech-
nique for modifying cross attention during the sampling process. SynGen |Rassin et al.| (2023)) and
EBAMA [Zhang et al|(2024) enhance attribute and object correspondence through attention align-
ment and energy-based conditioning. InitNO (Guo et al.| (2024) refines the initial noise distribution
to improve semantic precision, while CONFORM Meral et al.| (2024) employs contrastive learning
techniques to achieve higher fidelity in the generated images. However, since these methods are
applied during the iterative sampling process of the diffusion model, they come with a practical
drawback of increased latency.

Text Embedding-based Methods. Another line of work aims to improve the CLIP text embed-
dings [Radford et al.| (2021}, which is widely used but tends to capture broad semantic meanings
while missing fine-grained details |Yuksekgonul et al.| (2022); Tang et al.| (2023). In addition, it is
necessary to address the problem that the CLIP text encoder is biased toward objects mentioned
earlier in a sentence |Abbasi et al.|(2025bga). Magnet |Zhuang et al.[(2024)) explores modifying only
the text embeddings to enhance semantic coherence. ToMe Hu et al.|(2024a)) and TeeMo |Seo et al.
(2025) further refine embedding representations by investigating token merging and geometric prop-
erties, respectively. However, such embedding-based approaches tend to show weaker text-image
alignment compared to cross-attention-based ones. In this paper, we analyze the characteristics of
the commonly used CLIP text encoder and its embeddings, and explore the potential of embedding-
based methods.

3 ANALYSIS OF CONCEPT L0OSS AND CONCEPT CONFUSION

CLIP text encoder Radford et al.| (2021)), which is commonly used in text-to-image (T2I) models,
provides rich textual representations but often struggles to capture fine-grained details Yuksekgonul
et al.| (2022); Tang et al.| (2023). This limitation often leads to concept loss and concept confusion
in T2I tasks Zarei et al.|(2025)); Jing et al.| (2024)); Meral et al.|(2024). To address this, we analyze
the CLIP text encoder and identify two proxy signals of these issues: token entropy as a proxy for
concept loss (Section[3.1]) and LO attention score as a proxy for concept confusion (Section[3.2). For
clarity and controlled analysis, we first study these proxies using simple multi-attribute prompts.
Importantly, since the proposed proxies are computed solely from the internal representations of the
text encoder, they naturally extend to longer and syntactically more complex prompts as well.

Preliminary. T2I diffusion models [Podell et al.| (2023)); Rombach et al.[ (2022) are typically com-
posed of a text encoder and a denoising network. Specifically, we consider models that adopt the



Accepted as a workshop paper at ReALM-GEN, ICLR 2026

CLIP text encoder primarily used in the Stable Diffusion series |Podell et al.|(2023)); Rombach et al.
(2022); |[Esser et al.| (2024). The CLIP text encoder 7 produces text embeddings from the input
prompt P through the causal mask and self-attention layers, where each token embedding ¢; can
only attend to the embeddings of previous or current tokens c; for all j < i. The resulting text
embedding is represented as C' = 7(P) € RV*M where N denotes the number of tokens and M
is the dimension of each token embedding. To accommodate variable-length prompts, padding is
applied to standardize the length IV to a fixed value of tokens.

3.1 TOKEN ENTROPY REFLECTS CONCEPT LOSS

Understanding when concept loss occurs is a necessary first step toward addressing it. Previous
work (Chen et al.|(2024) shows that objects mentioned later in a prompt, referred to as later objects,
are more likely to disappear from the generated image. This object-level positional bias is driven
by the causal mask of the CLIP text encoder, thereby making it difficult for later objects to appear
entirely in the generated image. In this case, since the causal mask influences not only objects but
also attributes, we first investigate whether positional bias also arises with respect to attributes. We
then verify that foken entropy exhibits positional bias and, furthermore, serves as an indicator of
concept loss.

Positional Bias in Attribute Tokens. First, to test whether attributes suffer the same positional bias
as objects, we sample captions of the form "a ({attr;) <obji> and a {attrs) {obij)"
from Concept Conjunction 500 (CC-500) dataset Feng et al.|(2022)) and retain 220 images in which
both objects are clearly present. Then, for each image, we manually check whether the correspond-
ing attribute of each object is (i) correct (Aligned), (ii) from another object (Misaligned), or (iii)
Missing. As illustrated in Fig. Zh, we reveal that the attribute-object pair mentioned later in the
prompt has a higher rate of missing or misaligned attributes compared to the pair mentioned earlier.
Therefore, positional bias manifests in attributes as it does in objects, and concepts (i.e., objects
and attributes) mentioned later in the prompt are more likely to undergo concept loss. However,
the presence of such positional bias alone does not guarantee that concept loss will occur in a given
sample, so we explore the entropy of each text embedding as a potential predictor of concept loss.

Higher Entropy Observed in Later Concepts. Next, to estimate the chances of concept loss, we
analyze the token entropy #; of the token embedding ¢; € R? derived from the CLIP text encoder:
d
Dij = fi’l, Hi = —@ > Di,j logpij. (D
> leikl J=1

k=1

Note that a low token entropy indicates that the token embedding is sparse, with information con-
centrated in a few dimensions and thus representing more distinctive features. In contrast, a high
token entropy implies that the embedding is dense, with information distributed across many dimen-
sions, resulting in broader and more general representations. We now evaluate whether token en-
tropy can serve as an indicator of concept loss by first examining whether it exhibits positional bias.
To this end, we compute token entropy on two semantically equivalent prompts with reversed or-
ders: "a (attry) {(obji> and a (attrs) <objo>" and "a {(attry) {(objs) and a
{attry> <{obji>". In addition, for prompts containing three {(attr)-<ob7j) pairs, we synthet-
ically generate 75 prompts and measure the token entropy for both attributes and objects according
to their positions in the prompt. Fig.[Zb shows that the average token entropy is consistently higher
for later-mentioned {attr) and {ob7j), indicating the presence of positional bias in token entropy.
Building on the observation that token entropy is consistently higher for later-mentioned concepts,
we next examine how strongly it correlates with actual concept loss in generated images.

Token Entropy and Concept Loss. Finally, we investigate whether higher token entropy corre-
sponds to concept loss in the generated images. Using the experimental setting from Fig.[Zh, we first
compare the average token entropy of the later attribute {attrs) across the three types—Aligned,
Misaligned, and Missing (Fig.[2k). Using different samples from the same dataset, we also measure
the token entropy of the later object {objs), for when the object is Present, Mixed or Missing. We
observe that for both attributes and objects, the token entropy is higher when concepts appear incor-
rectly (Misaligned, Missing or Mixed) compared to the when they are correctly Aligned or Present.
This result suggests that higher token entropy is indicative of concept loss for both attributes and
objects. Building on this finding, we propose a method to mitigate concept loss in Section @.1] For
more details, please refer to the appendix.
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Figure 3: Analysis of text embedding and self-attention in CLIP text encoder. (a) Layer-wise at-
tribute masking shows attribute binding primarily occurs at layer O (LO). (b) Cosine similarity and L2
distance between related and unrelated embeddings show no clear separation. (c) LO self-attention
clearly separates related from unrelated tokens. Underlined prompt words mark the corresponding
concepts, showing that higher attention indicates stronger concept binding in the generated images.

3.2 TOKEN RELATIONSHIPS IN FIRST LAYER SELF-ATTENTION

To identify potential concept confusion, it is crucial to assess the attribute-object binding strength
within the CLIP text encoder. Hereafter, a related pair is defined as a correct attribute—object asso-
ciation (e.g., {attri)—<obj1?), while an unrelated pair refers to an incorrect association with an
object from a different concept (e.g., {attri)—<obj2)). We find that the LO attention scores, the
first self-attention score from the CLIP text encoder, reflects the relationship (related or unrelated)
between {attr) and {obj).

Similarity Metrics between Embeddings. Initially, we analyze conventional similarity met-
rics between their embeddings to determine whether they can distinguish related attribute—object
pairs. We compare the related and unrelated attribute—object pairs using the A&E dataset
(2023), where each prompt follows the form "a {attr;) {obj;) and a (attrs)
{obja>". Fig.[Bp shows the cosine similarity and L2 distance between the {attr) and {obj)
embeddings. The distributions of these similarity metrics for related and unrelated pairs exhibit no
significant difference, making it difficult to predict the relationship between {attr) and <{obj)
based on embedding similarity alone.

Layer-wise Self-Attention Analysis for Binding. Inspired by prior works that each layer in a
Transformer-based model serves a different role [Vig & Belinkov| (2019); (2019); [Clark et al.
(2019), we investigate the self-attention mechanism of the Transformer-based CLIP text encoder.
Specifically, we conduct an analysis of layers by selectively masking an attribute token at each
self-attention layer. Fig.[3h shows the generated images when the attribute key token is masked in
the nth-layer (Ln) self-attention. Interestingly, we observe that the attribute disappears from the
generated image only when the self-attention in the first layer (LO) is masked. Additional qualitative
examples of all layers are provided in the appendix.

L0 Attention Scores for Binding Strength. We now turn to analyzing the attention scores of
this LO layer to investigate the relevance of the LO attention scores to the concept relationships
between {attr) and {obj). We first compare the LO attention scores between {attr) and
{obj) tokens for related pairs and unrelated pairs. As shown in Fig. Ek (left), the distributions
of related and unrelated attribute-object pairs are clearly separated according to their LO attention
scores. Furthermore, based on visual inspection of generated images across different attention score
levels, as shown in Fig. 3k (right), higher LO attention scores correspond to stronger semantic binding
between {attry) and {objs». Thus, LO attention scores serve as a reliable indicator of whether
concept confusion has occurred. Please refer to the appendix for additional examples.

4 METHODS

Our method is motivated by the two key indicators derived from Section [} token entropy for con-
cept loss and LO attention score for concept confusion. We improve T2I generation in multi-object
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Figure 4: Overview of the proposed TIE framework. (a) Overall pipeline of TIE. (b) Adaptive
Embedding Preservation (AEP), which boosts singular values of text embeddings based on entropy
to address concept loss. (c) Interpolation-Extrapolation Binding (IEB), which leverages initial self-
attention scores to mitigate concept confusion.

and multi-attribute scenarios by integrating two complementary components as shown in Fig.[d To
address concept loss, we first implement Adaptive Embedding Preservation (AEP), which exploits
the tendency of tokens with higher token entropy. After recovering lost concepts, we mitigate con-
cept confusion through Interpolation Extrapolation Binding (IEB), which estimates concept binding
strength based on LO attention scores.

4.1 ADAPTIVE EMBEDDING PRESERVATION

To preserve concepts that are more prone to concept loss using individual token embeddings, we
introduce AEP. This method selectively amplifies concept token embeddings with end-of-text (EOT)
tokens using entropy-aware singular value decomposition (SVD). Prior work has shown that EOT
tokens also encode semantic information crucial for concept composition|/Zhuang et al.|(2024); Toker
et al.|(2025). Thus, our AEP jointly strengthens explicit concept token embeddings and EOT tokens
according to their entropy, successfully mitigating concept loss.

Singular Value Decomposition for Concepts. SVD decomposes a matrix into orthogonal direc-
tions ordered by singular values, concentrating semantic information into its leading components.
Motivated by previous works|Li et al.[(2024); Liu et al.|(2025), we leverage SVD to amplify singular
values in concept token embeddings along with EOT tokens, thereby concentrating information for
tokens with higher entropy to mitigate concept loss.

For simplicity, we explain with prompts in which only one attribute is paired with
each object.  For each attribute—object pair, we build the token-related matrix X :=

. bi ¢ . . . .
[ catribute - oNeet EOT cEI\C,)I'PI_Q], where ¢;"“" is the embedding of the k-th pair (Fig. .
: _ [, SOT P P EOT EOT
We first gather the token embeddings ¢ = {c €0y Cpi—1r €O ,...,cN_‘P‘_2}, where

SOT is the start-of-text (SOT) token embeddings, ¢! is the i-th prompt token, and cFOT denotes
the i-th EOT token. Decomposing X gives X = UXV', ¥ = diag(co, 01, -+, Ong—1); Mo =
min(M, N — |P| — 1) where U and V are orthogonal matrices. Each singular value is directly
rescaled as 6; = § €77, with v and § as positive constants, concentrating the information in the
concept embedding. This formulation updates the text embedding vectors to progressively amplify
each concept based on its position. Specifically, rescaling embedding vectors allows the information
to be concentrated along a small set of dominant directions. These singular value reduces token
entropy by suppressing noisy or redundant information. Thus, the entropy of the concept tokens
decreases, indicating reduced uncertainty and preservation of concept information. However, pre-
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venting concept loss requires a more adaptive mechanism that can predict the risk of omission for
individual concepts.

Entropy-aware Boost. As shown in Section [3.1] token entropy indicates the chances of concept
loss. Accordingly, we apply an entropy-aware scaling that adaptively assigns larger weights to
higher-entropy tokens rather than applying a direct scaling. Thus, later tokens with higher entropy
receive proportionally stronger amplification while keeping earlier tokens modestly adjusted. We
compute token entropy 7, as in Eq. equation [I] and averaging over each embedding in matrix X

with N — |P| tokens as H = N%Im Eij\:l‘m ‘H;. This makes our entropy-aware scaling

6; =087, 2)

Thus, the entropy-aware boosting deliberately adjusts the embeddings to prevent potential loss for
each concept.

4.2 INTERPOLATION-EXTRAPOLATION BINDING

After addressing concept loss through AEP, we now propose the Interpolation—Extrapolation Bind-
ing (IEB) mechanism to resolve concept confusion, ensuring that the relationships between concepts
are accurately reflected in the generated image, as illustrated in Fig. dc. Inspired by prior studies
indicating that CLIP text embeddings exhibit compositional structure Trager et al. (2023)), we incor-
porate concept tokens to both attribute and object tokens bidirectionally to bring their embeddings
closer. In contrast, we extrapolate unrelated concepts by pushing them further apart while preserving
their embedding norms. To reflect binding strength between tokens, IEB leverages the L0 attention
score introduced in Section[3.21

Interpolation for Binding. First, we enhance the semantic binding between related attribute-object
pairs in the embedding space. We apply an interpolation mechanism guided by their mutual self-
attention scores. Let (c7, cf) denotes a token embedding pair, where ¢ corresponds to the attribute
and cf to the object. Their updated embeddings are computed as:

(1—aij) P Haj-c” & =0-a): C}) +ai;-cf, 3)

,..7)_
¢ = J J

1
where «; j = Ainc- A; 5. Here, A; ; denotes the attention score that exists under the constraints of the
causal mask. The constant hyperparameter \i,; controls the overall strength of the binding effect.

Extrapolation for Repulsion. After binding the related pairs, we apply extrapolation to suppress
semantic interference between unrelated pairs. Let (¢}, c¢]’) denote the token embeddings of an
unrelated token pair, where cf corresponds to the attribute and cf to the object. The updated

embeddings are computed as:

e = (L4 Bra) ek —Bra-c, & =1+ Bri) c—Bri-ch, 4)

where (8 = Aext - Ak,;. The constant hyperparameter Aex; modulates the strength of this repulsive
adjustment. By first binding attribute—object pairs through interpolation and then repelling unrelated
concepts through extrapolation, IEB sequentially reduces concept confusion in the generated image.

5 EXPERIMENT

Baselines. We compare our model, TIE, with baselines including A&E |Chefer et al.| (2023)), Syn-
Gen Rassin et al.| (2023), Magnet Zhuang et al.|(2024), and ToMe |Hu et al.|(20244a)), all of which are
built on the SDXL Podell et al.| (2023)) backbone. For fair comparison, we adapt A&E and SynGen
to the SDXL base model, since their original implementations are not designed for it. When using
SD3.5 as the backbone, architectural differences prevent direct adaptations of prior methods, and
thus we compare only against the SD3.5 baseline. Further details on the adaptation are provided in
the appendix.

Datasets & Metrics. We employ the BLIP-VQA in T2I-CompBench|Huang et al.|(2023)) evaluation.
This metric utilizes BLIP to perform visual question answering, enabling fine-grained assessment
of various attributes in the generated images. We follow the evaluation protocol of prior works [Hu
et al.| (2024a); Seo et al.| (2025); [Feng et al.| (2024); Hu et al.| (2024b)); Jiang et al.| (2024) based on
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Table 1: Quantitative results of concept binding performance. All methods are evaluated with
their corresponding backbones. BLIP-VQA [Huang et al.|(2023) scores are measured on five cate-
gories: Color, Shape, Texture, Spatial, and Complex prompts. Inference time is compared across
methods to assess efficiency. Best results are shown in bold and second-best results are underlined.
For the 3.5 backbone, only bold formatting is used due to the limited number of compared models.

: BLIP-VQA
Backbone Method th_ Ipterence QAT -
free Time (s) | Color Shape Texture Spatial Complex
SDXL 9.82 0.5940 0.5068 0.5961 0.6249 0.4437
A&Ex, 62.72 0.5934 0.5082 0.6040 0.6230 0.4434
SynGen y ;. 22.42 0.5948 0.5059 0.5955 0.6258 0.4426
ToMe 42.73 0.5161 0.3551 0.5621 - 0.2818
Magnet 10.66 0.6833 0.5076 0.5963 0.6239 0.4507
+TIE (Ours) 11.86 0.7004 0.5632 0.6703 0.6320 0.4577
SD3.5 15.62 0.7766 0.6117 0.7518 0.6837 0.5050
+TIE (Ours) 17.13 0.7796 0.6232 0.7551 0.6917 0.5168

Table 2: Ablation study on T2I-CompBench. The results demonstrate that AEP and IEB contribute
significantly to concept binding, both individually and when combined for the SD3.5 backbone.

BLIP-VQA 1
Exp. # AEP IEB
Color Shape Texture Spatial Complex
1 0.7766 0.6117 0.7518 0.6837 0.5050
2 0.7668 0.6171 0.7542 0.6910 0.5108
3 0.7756 0.6152 0.7543 0.6951 0.5152
4 (Ours) 0.7796 0.6232 0.7551 0.6917 0.5168

Color, Shape, and Texture categories, and extend it with Complex and Spatial categories for more
comprehensive evaluation. Inference time is measured on an RTX A6000 GPU with a batch size of
1 and 50 timesteps. Details are provided in the appendix.

5.1 RESULTS

Quantitative Comparison. As shown in Tab. |1} we compare TIE with baselines built on the SDXL
and SD3.5 backbones. For SDXL, our method achieves superior performance across all categories
compared to other baseline models. We exclude ToMe |[Hu et al.| (2024a) from the spatial category
evaluation as it is specifically designed for attribute binding and does not incorporate spatial structure
in its token merging process. For SD3.5, our method also demonstrates clear improvements over the
baseline model. Since none of the comparison models are directly applicable to SD3.5, we restrict
the comparison to the baseline. Notably, our method yields particularly large gains on challenging
Complex prompts. In addition, we observe only marginal inference time overhead. Overall, these
results demonstrate that our method effectively mitigates concept confusion and prevents concept
loss with minimal overhead.

Qualitative Comparison. We qualitatively compare TIE with existing semantic binding methods,
as shown in Fig.[5]and Fig.[6] The results demonstrate that TIE achieves improved semantic binding
performance. In Fig[3] applying our method to SDXL effectively alleviates concept loss while also
improving spatial consistency compared to the baseline models. Fig.[6|further shows that TIE, which
is built on SD3.5, consistently outperforms the baseline on Complex prompts involving multiple
categories and concepts. These results highlight the enhanced robustness of TIE in preserving both
attribute and object integrity during generation. Additional examples are provided in the appendix.

Ablation Study. We conduct an ablation study, as quantitatively shown in Tab. [2| for the SD3.5
backbone. By first addressing concept loss to preserve the attributes and objects in the input prompt
and then establishing bindings among them, AEP and IEB serve complementary functions that are
essential to the overall framework. Finally, our proposed method, TIE, demonstrates improved per-
formance across the BLIP-VQA benchmarks. Additional experiments are provided in the appendix.
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Figure 5: Qualitative comparison of TIE with SDXL-based models.

TIE (Ours)

SD3.5

TIE (Ours) SD3.5 TIE (Ours)

“The bold, striking patterns of the tiger's
stripes blended seamlessly with the dappled light
of the jungle, a creature of stealth and beauty.”

“The red hat was on top of “The square coaster was next to the
the brown coat rack.” circular mug.”

“The juicy watermelon sat next to the “The heavy backpack weighed down the “The rectangular remote was next to
sweet pineapple and the spiky durian.” strong shoulders and the weak back.” the black television stand.”

Figure 6: Qualitative comparison of TIE with SD3.5.
6 CONCLUSION

Text-to-image (T2I) diffusion models struggle to generate images from prompts involving multiple
objects and attributes, manifesting as concept loss and concept confusion. To address these chal-
lenges, we conduct a detailed analysis of the inherent properties of CLIP text embeddings, providing
a solution that applies across various model architectures through direct modification of the textual
conditions. Our investigation reveals that tokens corresponding to later concepts exhibit higher en-
tropy, increasing the risk of information loss. We further observe that early self-attention layers cap-
ture clearer semantic bindings between concepts. Building on these insights, we propose Adaptive
Embedding Preservation (AEP), which adjusts token embeddings based on their entropy by progres-
sively amplifying their singular values. In addition, we introduce Interpolation-Extrapolation Bind-
ing (IEB), which leverages early-layer attention to strengthen associations between related concepts
while suppressing unrelated ones. Our approach mitigates both concept loss and concept confusion,
enabling T2I diffusion models to generate high-quality images that fully reflect the input prompt
even under complex scenarios, using a single update with low latency.

Limitations. Although our method mitigates concept confusion and concept loss by analyzing the
intrinsic properties of the CLIP text encoder, several challenges still remain. In particular, our ap-
proach does not fully overcome the inherent limitations of the text-to-image models. For instance,
when the training data is biased, the generated images often reflect such bias to some extent. Ad-
dressing these limitations through further analysis and extension of our method will lead to enhanced
image generation.
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Appendix

A BROADER IMPACTS

Our research on TIE aims to enhance semantic fidelity in complex, multi-concept prompts, enabling
more accurate alignment between text and image. This improvement supports a wide range of
applications, including educational visualizations, assistive design tools, and creative authoring for
artists and storytellers. At the same time, by making generative models more reliable, we also
lower the barrier to malicious uses such as highly realistic deepfakes for disinformation, fraud, and
privacy or copyright infringement. Even when functioning as intended, subtle misbindings (e.g.,
swapping or omitting attributes) in critical contexts such as medical illustrations or legal diagrams
could mislead users, and erroneous outputs may go unnoticed in black-box deployments.

B IMPLEMENTATION DETAILS

Analysis and Method Details. We conduct all experiments on a single NVIDIA RTX A6000 GPU.
Our TIE builds upon SDXL Podell et al.|(2023) and SD3.5 Esser et al.|(2024). SDXL relies on CLIP
text embeddings, which enables clear analysis of the effects of CLIP text embedding manipulation.
Therefore, we use SDXL as the primary backbone in our analysis. SD3.5 employs multiple text en-
coders, including OpenCLIP ViT-G, CLIP ViT-L, and T5-XXL. In this setting, we apply our method
only to the CLIP text embeddings. We also employ the Stanza package for automatic parsing.

Hyperparameters. We set the hyperparameters as follows: § = 1.2, v = 0.001, A\, = 0.1, and
Aext = 0.2. Each hyperparameter is validated through Section 5 and in the Section [E] In addition,
we set the number of inference steps to 50 and the guidance scale to 7.5. We also evaluated our
method on other diffusion models, using different hyperparameters to align with each text embed-
ding extraction method. For SD3.5 [Esser et al.| (2024), which utilizes a TS encoder with two CLIP
encoders, we adjust only the CLIP text embedding and set v = 0.0002, \i,, = 0.3, and A\exy = 0.1
with 28 inference steps and 3.5 guidance scale. To mitigate the influence of previously processed
concepts, we subtract 0.5 and 0.8 times the embeddings of mean prior concepts from subsequent
concept embeddings in TIE based on SDXL [Podell et al. (2023) and SD3.5 [Esser et al.| (2024),
respectively.

C DATASETS

We use four types of datasets for our analysis and experiments.

Synthetic Dataset. We conduct our token-entropy analysis (Section 3.1b) on synthetic prompts
sampled from the A&E |Chefer et al.| (2023) dataset. The left plot used 64 prompts of the object
category from the A&E dataset and switched position of the attribute and objects, to compare the en-
tropy of the tokens when the prompt takes the form of "a (attr;) {obji> and a <{attry)
{objo> " with when it takes the form of "a {(attrs) {(objs) and a (attry) <{objp".
For the right plot, we sampled attributes and objects from the same 64 prompts and made prompts in
the form of "a <attr;> <obj;> and a {attry) {objs» and a {attrz) <{obijz>".

A&E. For Section 3.2, we use the A&E |Chefer et al.| (2023) dataset consisting of 64 prompts
across various object categories. Each prompt follows the format: "a <attr;)> <obj;) and
a (attrg) <(obj9)". To further investigate with more diverse sentence structures and datasets,
we additionally conduct experiments as shown in Section

T2I-Compbench. We evaluate the attribute types of Color, Shape, and Texture, Spatial and Com-
plex using the T2I CompBench [Huang et al.| (2023). Specifically, Complex category consists of
prompts containing more than two attributes and objects and involving at least two of the follow-
ing subcategories: Color, Shape, Texture and object relationships. Following prior works |[Hu et al.
(20244a); |Seo et al.| (2025)); [Feng et al.[(2024); Hu et al.| (2024b)); Jiang et al.|(2024), we randomly se-
lect 60 long prompts and 240 short prompts for each category, resulting in 300 prompts per attribute
type. For each prompt, we generate images using five different random seeds for evaluation.

Concept Conjunction 500 (CC-500). Each prompt consists of two subjects, with one attribute
assigned to each. Following the setup in|Zhuang et al.|(2024), we categorize the prompts into three
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“rubber gloves and leather gloves” “a spherical tennis ball and a conical racket”

01=<A4;;<02
“The metallic lamp and wooden desk provide light

« . s . ,,
A black cat with green eyes sitting in the sun for the glass computer on the fluffy chair”

Figure 8: L0 attention scores and generated images. The underline indicates the concept corre-
sponding to each LO attention score range.
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(a) A&E Data Distribution (b) T2I-Compbench Data Distribution

Figure 9: Comparison of traditional similarity metrics between SDXL Podell et al.[(2023) and
TIE

types: two living subjects, one living and one non-living subject, and two non-living subjects. We
randomly select 80 prompts per category, resulting in 240 prompts, and generate 10 images for each.

D ADDITIONAL ANALYSIS OF THE CLIP TEXT ENCODER

D.1 LO ATTENTION SCORES ANALYSIS

Masking L0 Attention Scores. We find that L0 attention
scores play a critical role in attribute binding across vari- 1o [ Related
ous T2I diffusion models in Section[3.2] To investigate the [ Unrelated
consistency of this behavior across various architectures,
we extend the LO attention score masking to an additional I

model. As shown in Fig. we mask each key token cor- }L
responding to attributes in the first layer self-attention map |

of the SDXL model. This leads to the disappearance of o
the corresponding attributes in the generated images. In-
terestingly, the model frequently shows the removal of the Figyre 7: L0 attention scores in T2I-
attribute together with the associated object. This indicates Compbench Huang et al] (2023).

that LO attention scores are essential for establishing at-
tribute binding as well as for preserving the presence of the related object, even in complex sentence
structures. Furthermore, we find that these scores play a consistent role across various types of
attributes, including color, shape, and texture.

0.2 0.3 0.4 0.5
LO Attention Scores

L0 Attention Scores and Generated Images. We observe a correlation between L0 attention scores
and the degree of semantic binding in the generated images, as shown in Fig. 3c. The LO attention
scores of related pairs are primarily distributed between 0 and 0.4, as illustrated in Fig. 3k and
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“A black and green tile bathroom
with a black toilet and a yellow
bucket on the floor”

“a blue backpack and “a blue bowl and
a brown bear” a yellow cat”

TIE w/o H; TIE

Figure 10: Comparison between our method without entropy and TIE.

“a white and white kitten “a tall skyscraper and “a spherical tennis ball “a metallic fork
in a gray bathroom” a short cottage” and a conical hat” and leather g

w/o A; j w/o A; j TIE

“a green plant “a brown turtle “a metalic car and
and a teapot”
!

and a green snail” y bear”
-5

a fluffy tedd

w/o A; TIE w/o A; w/o A;

Figure 11: Comparison between our method without L0 attention scores and TIE.

Fig. Based on this observation, we analyze the relationship between LO attention scores and
the generated images across different score intervals in Fig.[9] When the attention score A; ; <
0.1, the corresponding concept often fails to match semantically, or the object does not appear. In
the range 0.1 < A;; < 0.2, the attribute may appear, but it is often entangled or ambiguously
associated with the object. For higher scores, semantic binding between the attribute and object
tends to improve substantially. These findings suggest that higher LO attention scores generally
indicate stronger concept binding, and that the degree of binding should be adaptively adjusted
based on each concept’s attention strength.

Comparison of SDXL and TIE Using Traditional Similarity Metrics. In Section 3.2, we reveal
that CLIP text embeddings indicate only a subtle distinction between related and unrelated concepts
using traditional similarity metrics. To further examine this limitation, we analyze the distributions
of cosine similarity and L2 distance across additional datasets and assess how they change when
applying our TIE. As shown in Fig. 0] TIE text embeddings more clearly differentiate between
related and unrelated concepts compared to the original SDXL embeddings across both datasets.

E ADDITIONAL ABLATION STUDIES

Adaptive Embedding Preservation (AEP) without Entropy-aware Boost. In Fig.[I0] some qual-
itative examples show the difference between our method without taking the token entropy into
account. This often causes an over-manipulation of the tokens as the model is not aware of whether
the concepts are preserved or not. Thus, it is important for the model to be entropy-aware, so that it
preserves concepts effectively.

Interpolaton-Extrapolation Binding (IEB) without L0 Attention Scores. As shown in Fig. [T1]
applying IEB without incorporating LO attention scores leads to two major issues. First, it can
result in overmanipulation. When constant scaling is applied, the generated image may deviate from
the intended semantics, causing artifacts such as additional objects or an unnatural painting-like
appearance. Next, concept confusion persists where objects are merged or attribute bindings remain
incorrect. These observations underscore the importance of incorporating LO attention scores into
IEB to enable more precise manipulation.
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“a green apple and a r«d banana”

L6 L7 L8 L9 L10
“A small bathroom with rcd tile and a vivid grey blacksplash in the shower”

L11

Figure 12: Results of masking L0 attention scores in SDXL. The gray box in the prompt indicates
the masked attribute, and the red outline shows the result after applying masking at Layer 0.
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Table 3: The effect of operation sequence of TIE. Config.1 refers to Sequential IEB — AEP
and Config.2 is Sequential Extrapolation — Interpolation. We measure BLIP-VQA Huang et al.
(2023)) for when the order of AEP and IEB are switched and when the order of interpolation and
extrapolation is switched. Best results are shown in bold and second-best results are underlined.

BLIP-VQA [Huang et al| (2023) 1

Method

Color Shape Texture Avg.
Config.1 0.6995 0.5636 0.6700 0.6444
Config.2 0.6253 0.5329 0.6232 0.5938

TIE (Ours) 0.7004 0.5632 0.6703 0.6447

F ADDITIONAL EXPERIMENTS

We look into the order of the methods in TIE and present our results in Table E} In TIE, AEP is
applied before IEB and interpolation is always applied ahead of extrapolation. We switch the order
of these methods to show the effectiveness of our method TIE. This experiment was conducted with
SDXL Rombach et al.|(2022) backbone.

Reverse the Order of AEP and IEB, Swapping AEP and IEB (Config.1) yields a minor decrease
in Color and Texture scores and a slight uptick in Shape. This demonstrates that beginning with
AEP to strengthen each token to prevent concept loss before binding the related tokens to alleviate
concept confusion is effective.

Reverse the Order of Interpolation and Extrapolation When extrapolation is applied before in-
terpolation (Config.2), all three metrics drop sharply. This shows that applying interpolation first is
essential to establish a stable attribute-specific embedding distribution before repelling the tokens
that are unrelated to that specific token.

G ADDITIONAL QUALITATIVE RESULTS

We provide additional results on the CC-500 dataset in Fig. [[3]and Fig.[I4] We also provide addi-
tional results on the T2I-Compbench dataset in Figs. for SDXL and Figs. [T8H22]for SD3.5.
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“a brown cow and a red dog”

“a brown bird blrd and a red cat cat”

“a brown car and a red horse”

Figure 13: Qualitative results based on SDXL [Podell et al. (2023) from the CC-500 dataset.
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Accepted as a workshop paper at ReALM-GEN, ICLR 2026

“a brown car and a red cat”

“a brown bird and a red elephant”

“a blue car and a red horse”

“a brown car and a red clock”

Figure 14: Qualitative results based on SDXL [Podell et al. (2023) from the CC-500 dataset.
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TIE (Ours)
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Figure 15: Qualitative results based on SDXL Podell et al.| (2023) from the T2I-Compbench
dataset Color prompts.
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Accepted as a workshop paper at ReALM-GEN, ICLR 2026

TIE (Ours)

“a diamond ring and a conical ring holder”

“a cubic block and a cylindrical candle”

3 03 51 B

“a green plant and a white teapot”

Figure 16: Qualitative results based on SDXL [Podell et al. (2023) from the T2I Compbench
dataset Shape, Texture and Color prompts.
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l
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“The fluffy cat was lying on the soft cushion.”

ottle was on top of the red back

Figure 17: Qualitative results based on SDXL [Podell et al. (2023) from the T2I Compbench
dataset Complex prompts.
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SD3.5 TIE (Ours) SD3.5

“The white dog with black spots is riding

€y o g »o ing
a silver watch and a gold bracelet in _a basket on the back of the motor bike

“a red car and a blue horse”

“A bathroom with white tile
and a beige toilet”

“A tan bath tub sits empty
in a white, clean bathroom”

and a blue train” “a pink elephant and a gray flamingo”

“a black bat and a white ghost” “a blue cup and a red vase” “a green apple and a gray elephant”

Figure 18: Qualitative results based on SD3.5 Esser et al.| (2024) from the T2I Compbench
dataset Color prompts.
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TIE (Ours)

“a round donut

and a rectangular biscuit” “a long snake and a short tree” “a spherical globe and a conical pencil”

P .
S a7

“an oblong eggplant “a spherical tennis ball “a small block
and a teardrop melon” and a conical tennis hat” and a cylindrical soda can”

“The cylindrical tower and the spherical “an oblong squash “an oval serving platter
dome stood tall against the skyline” and a teardrop strawberry” and a square dish”

Figure 19: Qualitative results based on SD3.5 [Esser et al.| (2024) from the T2I Compbench
dataset Shape prompts.

TIE (Ours)

“The wooden coaster and glass of water rest on “A plastic toy and a fluffy teddy bear

c i i »
the metallic tray on the plastic outdoor table.” lay on the fabric rug.” a plastic bag and a fabric pants

. “The fluffy towel and plastic soap dish rest “The metallic lamp and wooden desk provide light
« » A
a plastic cutlery and a fluffy towel on the metallic tray by the wooden bathtub.” for the glass computer on the fluffy chair.”

“The leather belt and fluffy hat hang on
the metallic hook by the glass door.”

“a rubber band and a metallic jewelry” a metallic necklace and a wooden fork”

Figure 20: Qualitative results based on SD3.5 [Esser et al.| (2024) from the T2I Compbench
dataset Texture prompts.
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Accepted as a workshop paper at ReALM-GEN, ICLR 2026

TIE (Ours)

TIE (Ours) SD3.5 TIE (Ours) SD3.5

“a dog on the top of a girl” “a train on the right of a dog”
N\

algd

“a girl on the left of the frog”

“a cow on side of a candle”

TT——

R g

“a microwave on the bottom of a cat” “a man on side of a clock” “a lamp on the bottom of a giraffe”

Figure 21: Qualitative results based on SD3.5 [Esser et al.| (2024) from the T2I Compbench
dataset Spatial prompts.

SD3.5

TIE (Ours) SD3.5 TIE (Ours) SD3.5

“The conical funnel was nestled between the «The golden parallelogram was suspended in mid-air “The curved orange basketball rolled next
rectangular box and the cylindrical tube.”  near the matte hexagon and the translucent oval.” to the flat black basketball shoes.”

TIE (Ours)

“The green plant was next to “The sweet apple cider warmed “The red apple is on the left of
the brown vase.” the cold hands and the chilled glass.” the yellow banana.”

Figure 22: Qualitative results based on SD3.5 |[Esser et al.| (2024) from the T2I Compbench
dataset Complex prompts.
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