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Fig. 1: Visual comparison of text-to-image and editing results, demonstrating
that our TexTailor yields better text alignment across semantic attributes.

Abstract. Recent breakthroughs of transformer-based diffusion models,
particularly with Multimodal Diffusion Transformers (MMDiT) driven
models like FLUX and Qwen Image, have facilitated thrilling experiences
in visual generation. However, these models rely only on the interactions
between textual conditions and visual features to produce semantically
aligned images. Once the interactions fail to reflect the nuanced compo-
sitional structure of the prompt, the generated images might be unsat-
isfactory. Thus, a comprehensive understanding of how different blocks
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and their interactions with textual conditions is crucial for better un-
derstanding the intrinsic attributes and for enhancing their interactions
accordingly to strengthen the prompts adherence. In this paper, we first
develop a systematic pipeline to comprehensively investigate each block’s
functionality by removing, disabling, and enhancing textual hidden-states
at corresponding blocks. Our analysis reveals that 1) semantic informa-
tion appears in earlier blocks and finer details are rendered in later blocks,
2) removing specific blocks is usually less disruptive than disabling text
conditions, and 3) enhancing textual conditions in selective blocks im-
proves semantic attributes. Building on these observations, we propose
TexTailor, a novel inference-time method for tailoring block-wise textual
guidance. Our approach not only improves text-image alignment but
also enables a range of downstream applications, including precise edit-
ing and inference acceleration. Extensive experiments demonstrated that
our method outperforms various baselines and remains flexible across
text-to-image generation, image editing, and inference acceleration. Our
method improves T2I-Combench from 56.92% to 63.00% and GenEval
from 66.42% to 71.63% on SD3.5, without sacrificing synthesis quality.
These results advance understanding of MMDiT models and provide
valuable insights to unlock new possibilities for further improvements.
Our code is available at https://github.com/phil329/TexTailor.

Keywords: MMDiT · Block-wise Analysis · Inference-time Tailoring

1 Introduction

Diffusion models [14,38,39], especially diffusion transformers (DiT) [4,32], have
become the de-facto paradigm for real-world applications across various do-
mains, including text-to-image [7, 34] and text-to-video generation [29, 47, 54],
unlocking unprecedented experiences for AI generated content. In particular,
the most recent approaches such as Stable Diffusion 3 [9], FLUX [19], and
Qwen-Image [50] further advance the synthesis quality via incorporating the flow
matching [22,25] training objective and the top-performing multimodal diffusion
transformer (MMDiT) architecture [9,19]. Specifically, MMDiT concatenates vi-
sion and textual tokens and performs joint self-attention to facilitate a seamless
textual-visual interaction between these modalities.

Despite their remarkable success, MMDiT-based models produce images based
on interactions between textual representations and visual hidden states only.
As shown in Fig. 2, if the textual-visual interactions fail to faithfully render
semantic details of given instructions, the generated images might be unsatis-
factory. Therefore, it is crucial to investigate the intrinsic mechanisms within
MMDiT-based models, enabling better understanding on the internal interac-
tions of MMDiT. Following this philosophy, Stable Flow [1] detected vital blocks
by bypassing each block, and TACA [28] proposed a timestep-aware attention
weighting mechanism to balance multimodal interactions. FreeFlux [48] and E-
MMDiT [36] analyzed MMDiT’s attention mechanism by shifting RoPE and
decomposing attention metrics, respectively. Semantic Routing [20] and Hyper-
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Fig. 2: Textual-Visual interaction attention maps across different blocks.

Align [53] respectively employ linear fusion and hypernetwork-generated low-
rank adaptation weights to modulate text-visual interactions within diffusion
transformers. However, existing studies primarily focus on isolating or manipu-
lating individual aspects, overlooking the synergistic effects that arise from the
complex interactions across different blocks and modalities. That is, it remains
unclear how different internal MMDiT blocks interact with textual represen-
tations and how they collaborate with each other to produce high-quality and
coherent outputs. Consequently, a deeper and more detailed analysis of under-
standing how MMDiT blocks collectively contribute to rendering sophisticated
outputs would not only enrich our understanding of MMDiT models but also
open avenues for refining their synthesis quality and inference efficiency. For in-
stance, by identifying which blocks control specific attributes (e.g., color, shape,
spatial relationships), we can revise the corresponding blocks accordingly (as
illustrated from the results in Fig. 1).

To identify each block’s detailed role and functionality, we first develop a
systematic automatic pipeline to probe the internal cooperation of MMDiT
blocks and their interactions with text conditions. Our pipeline involves two
main stages: For the first stage, we construct a dedicated prompt set covering
representative attributes including color, shape, and spatial relationship. These
prompts are used to generate images from three popular MMDiT-based mod-
els (SD3.5, FLUX, Qwen Image). Then, we quantify the influence of block-wise
interactions on the output images with perceptual (i.e., DINOv2 [31]) and se-
mantic scores (i.e., CLIP Score [33]), as well as VQA results from general MLLMs
(i.e., Qwen-VL [2]) Specifically, we probe block-wise interactions and collabora-
tion via: 1) removing specific blocks to assess their individual contributions; 2)
disabling block-level textual conditions to test semantic understanding; and 3)
enhancing textual hidden-states of different blocks to investigate their potential
to refine the coherence and detail of synthesized outputs. Through these anal-
ysis, we reveal several insightful findings: First, semantic information appears
in earlier blocks, while fine-grained details are rendered in later blocks. As il-
lustrated by the enlarged details in Fig. 4, different attributes exhibit similar
behaviors across various blocks, suggesting that a unified enhancement strategy
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can be applied to all attributes. Second, removing certain blocks is less disrup-
tive than disabling corresponding textual conditions, indicating MMDiT-based
models’ stronger reliance on conditional guidance and their robustness to re-
moving individual blocks. Last but not least, enhancing textual representations
of selective blocks could improve overall text alignment without compromising
synthesis quality. These insights provide a better understanding towards the ef-
ficacy and interactions of different components within the MMDiT architecture,
guiding further optimization and improvements in various applications.

Capitalizing on these observations, we propose TexTailor, a novel inference
time textual guidance enhancement framework to improve the text alignment
of text-to-image, facilitate image editing, and accelerate model inference within
MMDiT-based models. Concretely, after identifying each block’s contribution
to the specific semantic attributes of output images, we can strategically en-
hance the text-visual interactions of these blocks to optimize the text alignment.
Moreover, a token-level tailoring strategy is further designed to improve the in-
teractions of key textual tokens of specific attributes. As shown in Fig. 2, the
textual-visual interactions after enhancing present improved adherence of given
prompts, leading to more satisfactory output. Regarding editing tasks, we can
similarly attach higher importance to specific blocks that manage certain seman-
tic attributes, such as “color” and “count”, ensuring that edits are accurately and
effectively performed. Additionally, we could accelerate the inference process by
skipping blocks that are less critical for semantic understanding, thus stream-
lining computations while preserving synthesis quality. Together, our framework
facilitates efficient, precise, and generalizable model performance across differ-
ent tasks without requiring additional training. Extensive results demonstrate
that our method significantly advances the model performance across various
baselines (SD3.5, FLUX, and Qwen-Image), benchmarks (GenEval [11], T2I-
Combench [17]) and metrics (CLIP-Score [33], Human-Preference Score [51],
Aesthetic Score [35]), as well as different tasks (generation, editing, and acceler-
ation), consistently showing the effectiveness and generalizability of our method.

We summarize our primary contributions as: 1) A systematic framework
to probe block-wise interactions of MMDiT-based models. We system-
atically investigate the internal interactions across blocks and modalities within
several MMDiT-based models, offering valuable and consistent insights to guide
further improvements. 2) A novel inference-time framework for tailoring
textual guidance. We propose TexTailor to enhance the interactions between
textual conditions and visual features within different blocks, thereby improving
the text alignment of generated images. Moreover, our method can be applied
to other applications including precise editing and inference acceleration, fully
unlocking the potential of baseline models. 3) Extensive evaluations across
multiple baseline models and diverse benchmarks for various tasks con-
sistently demonstrate the effectiveness and generalizability of our approach in
advancing model performance.
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2 Related Work

Diffusion Transformers. Diffusion Transformers [32] have become the domi-
nant paradigm for high-fidelity image and video generation, which adopt trans-
former [45] architecture as the main backbone, demonstrating superior scalabil-
ity and training efficiency compared to previous UNet-based [8, 14, 15] models.
Recent variants, such as open-sourced SD3 [9], FLUX [19], Qwen Image [50],
Hunyuan Image [44] and Hunyuan Video [43], and commercial models like See-
dream series [10,12], Sora [30], Imagen3 [3], further advance text-to-image/video
to an unprecedented level with the top-performing multimodal diffusion trans-
former (MMDiT) architecture. Besides scaling the MMDiT-based models, many
efforts have also focused on accelerating the iterative denoising process [26,27,40],
controlling the results [42,52,56], editing the outputs [1, 48], etc.
Understanding and Improving Diffusion Models. Numerous prior works
proposed various techniques to analyze the roles of different components of UNet-
based diffusion models. For instance, P2P [13] showed that cross-attention layers
are essential for rendering the spatial layout, MasaCtrl [5] and [23] demonstrated
that self-attention are more important for preserving the geometric and shape
details. FreeU [37] and PBC [57] respectively analyzed the functionality of skip
connections and position encoding mechanism in diffusion UNet. Further, Yi et
al . [55] investigated the mechanism of text prompts and Williams et al . [49]
developed a unified framework for analysing the UNet architectures. P+ [46] op-
timizes extended per-layer text embeddings to improve prompt fidelity. Attend-
and-Excite [6] amplifies cross-attention maps for semantically relevant tokens
at inference time. However, the understanding of different components within
MMDiT-based models remains underexplored and it is crucial to gain a holis-
tic understanding of these components to advance the field. Existing arts tried
to identify the contribution of different layers [1], rotary position embeddings
(RoPE) [48], and attention [36], yet they usually focus on specific applications
like editing and lack a systematic analysis of the internal interplay of components
within models. TACA [28] indicated an imbalanced issue in the cross-model at-
tention and ameliorated it with a timestep-aware re-weighting scheme. Semantic
Routing [20] explored the multi-layer LLM feature weighting for diffusion trans-
formers, which trains a linear fusion module to modulate the text-visual inter-
actions. HyperAlign [53] proposed a hypernetwork to generate LoRA weights to
modulate the diffusion model’s generation operators. Nevertheless, none of the
approaches provides a holistic view of how these components jointly influence
the model’s performance.

3 Systematic Analysis of Block-wise Interactions

3.1 Preliminaries

Diffusion Models. Diffusion models (DMs) involve a forward process and a
reverse generation process. During the forward process, random noises are grad-



6 B. Li et al.

C ��

��

MM-DiT Block 1

MM-DiT Block n

MM-DiT Block 2

��

MM-DiT Block i

…

MM-DiT Block

Q K V
Attention

(ii) Disabling conditions

Empty

(iii) Enhancing conditions
Q K V

Q K V

(i) Removing blocks

General 
Prompts

Rrepresentative 
Attributes

  (i) Removing     
 (ii) Disabling
(iii) Enhancing

Probing Analysis

<Image> <VQA>

Yes or No ? 

MLLM Evaluation
Perceptual
Evaluation

DINO / CLIP

Attribute-irrelative
Model-sepecific

{ 2, 7, 12,
 17, 22 }

Pr
ob

in
g 

 S
ig

na
l

Block Index 1 - N

Sensitive
 Blocks

Select Tailoring Blocks

Text-to-Image Generation

Vanilla
 ❌    

Ours
 ✅

A green apple and a brown horse

Source 
Image

Target
Image

... a rabbit ...   →   ... three rabbits ...    

Text-based Editing

Sampling Acceleration

               1.  Skip Blocks
         2.  Quality Preservation
   3.  Integration into Teacache

Applications

(c) Applications(a) Framework (b) Probing Analysis

Fig. 3: Analysis and framework overview. (a) We propose TexTailor, a training-
free framework to tailor the inference-time text-visual interactions. (b) Our probing
analysis consists of three key operations: removing, disabling, and enhancing. The tai-
loring blocks are chosen from the high-signal region, which can be applied to various
downstream tasks, including T2I generation, image editing and acceleration (c).

ually added to data (x0 ∼ q(x)) across t ∼ (1...T ) timesteps:

xt =
√
αtxt−1 +

√
1− αtϵt−1. (1)

In the reverse generation process, the model iteratively reconstruct the original
data following a trajectory opposite to the forward process:

pθ(xt−1|xt) = N (xt−1;µθ(xt, t), Σθ(xt, t)), (2)

where µθ and Σθ are learnable mean and covariance, respectively.
MMDiT-based Models. MMDiT-based models, pioneered in SD3 [9], leverage
a joint multimodal architecture to process text embeddings c ∈ RNc×D and
visual features x ∈ RNx×D in a unified attention operation by concatenating
them as hin = [c;x] ∈ R(Nc+Nx)×D. This sequence is then processed by multiple
MMDiT blocks with a joint self-attention layer:

Attention(Q,K, V ) = softmax(QKT /
√

dk)V, (3)

where Q,K, V denote the concatenated query, key and value of text and image
tokens. The MMDiT blocks serve as the core modules enabling effective and
fine-grained integration of textual-visual information during denoising.

3.2 Understanding Block-wise Interactions of MMDiT

In this part, we develop a systematic framework to automatically investigate
block-wise interactions and their influence on the representative semantic at-
tributes (i.e., color, shape, spatial relationships). As shown in Fig. 3 (b), our
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(b) Probing analysis of FLUX.1-Dev.

Fig. 4: Block-wise analysis results across various MMDiT-based models on
representative attributes. We observe that different attributes exhibit similar block-
wise behaviors, which indicates that the probing analysis is effective and generalizable.
We select tailoring blocks from the common high-signal region (yellow box) for all
attributes. Zoom in for details and see supplementary for the results of Qwen Image.

study involves three key operations: 1) removing specific blocks to probe each
block’s individual contribution; 2) disabling textual conditions of different blocks
to evaluate their reliance on semantic guidance; 3) enhancing textual guidance
of certain blocks to investigate their potential to refine coherence and detail.
Specifically, we amplify the text condition hidden states by a factor of 2 as
c → 2c, to investigate each block’s latent capacity for assimilating semantic in-
formation. Regarding the disabling operation, we mute the textual hidden states
via attaching an empty tensor with torch.zeros_like(c).

We expect that the probing analysis could generalize to various attributes
and categories, so we construct a prompt dataset from the widely adopted
HPDv2 [51] and COCO [21] datasets. It comprises 633 diverse prompts across
three representative attributes: “color”, “shape”, and “spatial relationships”. For
each prompt, we perform removing, disabling and enhancing on SD3.5-Large [41],
FLUX.1-Dev [19], and Qwen Image [50] models, operating on one block at a
time. For the probing analysis, we evaluate generated images using Qwen2.5-VL-
72B [2] via question-answering pairs on the prompts and the generated images.
Further, we evaluate perceptual (DINOv2 [31]) and semantic similarities (CLIP
Score [33]) between images from our modified and original models to quantify the
effect of our block-wise manipulations. Notably, despite the limited number of
prompts per attribute, repeated sampling with 5 fixed seeds produces consistent
and reliable results (see supplementary for more details).

The analysis results on the representative attributes across SD3.5 (38 blocks),
FLUX (57 blocks) are shown in Fig. 4. For each subfigure, we plot the DINOv2
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and CLIP score curves, along with the quantitative curves of performing our
analysis method, i.e., removing (1st row), disabling (2nd row), enhancing (3rd
row), on three representative attributes. Despite testing on different models, we
could consistently observe several interesting findings from these results.
Findings 1: Removing less critical blocks tends not to significantly im-
pact overall performance. Fig. 4a (top) and Fig. 4b (top) illustrate the impact
of removing different blocks. We could observe that all models are sensitive to
the removal of the earlier (0− 5) and late blocks, leading to a significant drop in
synthesis performance. We attribute this sensitivity to the critical roles of early
blocks in initializing inputs and of late blocks in refining details for the final
output. By contrast, removing blocks from the middle layers generally results in
a smaller impact, as also evidenced by both the synthesis performance and the
DinoV2 and CLIP scores. Such observation indicates that these blocks might be
less critical for maintaining the fidelity and coherence of the generated outputs.
Accordingly, we could remove some blocks to optimize model efficiency without
compromising the synthesis quality. Furthermore, we find that removing some
blocks (the 18th block in FLUX, the 35th block in SD3.5) leads to a significant
drop in performance, which may be the boundary between the dual-stream and
single-stream blocks or the vital blocks for the semantic rendering.
Findings 2: Disabling textual conditions is more disruptive than re-
moving specific blocks. Fig. 4a (middle) and Fig. 4b (middle) reveal that
disabling textual conditions, especially in the earlier blocks (0 − 20), causes a
more pronounced degradation in the synthesis performance compared to merely
removing specific blocks. That is, textual conditions play a crucial role in guiding
the models’ generative process. Moreover, we can see that the results of disabling
conditions of late blocks are less detrimental to the overall performance, partic-
ularly the CLIP Score, suggesting that these blocks are specialized in refining
details and the core semantics are rendered by the earlier blocks. Interestingly,
we observe that disabling in the dual-stream part of FLUX causes larger degra-
dation. In contrast, Qwen Image is more robust, whose performance is mainly
affected by the first and last few layers, while disruptions in intermediate layers
can be mitigated by later modules.
Findings 3: Enhancing textual conditions on certain blocks could im-
prove the synthesis performance. Fig. 4a (bottom) and Fig. 4b (bottom)
show the enhancing results. Though the simple ×2 operation may not yield op-
timal results, enhancing textual conditions on certain blocks can improve the
synthesis performance. Remarkably, for all three attributes, all models show
performance improvements compared with the original baseline, despite Qwen
Image showing less improvement due to its strong baseline. Interestingly, CLIP
Score shows the same trend as the attributes, indicating that enhancing textual
conditions on certain blocks could improve the text-visual alignment. To our
knowledge, this observation has never been documented in existing literature.
We highlight the blocks in the yellow region that all the representative attributes
commonly exhibit significant performance improvements, which are the tailoring
block ranges for each attribute in the latter sections. In return, one could ma-
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nipulate specific attributes (e.g., “color”, “shape”, “count” and “position” in Fig. 1
and Fig. 9) by altering textual information at the selected tailoring blocks.

Overall, our analysis provides a comprehensive investigation of the block-wise
capabilities and their interactions with textual conditions, yielding several inter-
esting insights on how different blocks contribute to the output. These findings
contribute to a better understanding of MMDiT-based models, offering valuable
perspectives that could facilitate further enhancements and optimizations.

4 Methodology

4.1 Motivations

The diffusion models primarily rely on the text prompts to guide the genera-
tion process. Attention mechanisms in MMDiT models [9, 19, 50] are designed
to capture the interactions between text and image features, which are cru-
cial for the generation process. Fig. 2 presents attention maps from FLUX and
our enhanced results, where our method strengthens attention to the relevant
text phrase “glowing brain”, improving text-visual alignment. Moreover, different
blocks play different roles in the generation process, and our enhancing method
can help the model to focus on the relevant text tokens.

Our analysis demonstrates that tailoring only a few specific blocks is suffi-
cient to strengthen the text-image interactions. This tailoring strategy not only
effectively modulates the attention mechanism, but also mitigates the problem
of imbalanced visual and textual tokens [28]. Our work offers the community a
fresh perspective and actionable findings that go beyond the traditional block-
wise analysis. Although conducted on the three representative attributes, the
tailoring blocks could generalize to other attributes.

4.2 Tailoring Textual Guidance for Denoising

We propose a straightforward, training-free method to tailor text-visual inter-
actions within blocks by capitalizing on their pivotal roles, which is highlighted
in the yellow boxes in Fig. 4(bottom panel). Specifically, we enhance the hidden
states of textual conditions in these vital blocks S = {s1, s2, . . . , sm} by a factor
of λ(l) using the following equation:

c
(l)
enh = (1−M)⊙ c(l) + λ(l) ·M ⊙ c(l), ∀l ∈ S. (4)

where c(l) is the original textual hidden states of block l and ⊙ is element-wise
multiplication. λ(l) can be a constant or a block-dependent function. M is a
binary mask that denotes corresponding indices of enhanced textual tokens.
Full sentence tailoring. Formally, we set M to be a full one vector to tailor
the entire textual condition. The equation becomes c

(l)
enh = λ(l) ⊙ c(l), which is

suitable for all prompts. Full sentence tailoring can avoid the problem of difficulty
locating the specific token indices, such as complex prompts containing multiple
attributes, which cannot obtain an accurate mask M for token-level tailoring.
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'A' 'brown' 'dog' 'and' 'a' 'white' 'cat' '</s>'Generated

Fig. 5: Attention map of different tokens. The target phrases well match the at-
tention map of the corresponding tokens, highlighted in dashed boxes. We can enhance
specific tokens to boost their impact on the attention map.

Token-level tailoring. To further improve the semantic understanding capabil-
ity of certain blocks on specific attributes, we introduce token-level enhancement
to amplify key textual tokens. As shown in Fig. 5, we can determine the mask M
by locating the token indices of the target phrases within the tokenized prompt.
Such an operation ensures that critical semantic attributes receive greater em-
phasis. Specifically, some attributes, such as “color”, “shape”, and “count”, are easy
to locate the corresponding mask M , on which we conduct token-level tailoring
experiments. Thus, this allows for a better understanding of textual conditions,
emphasizing key semantic attributes within the model.

5 Experiments

5.1 Experiment Setups

Implementation Details. We apply our method on several state-of-the-art
MMDiT-based models, namely SD3.5-Large [41], FLUX.1-Dev [19] and Qwen
Image [50]. Based on the observations from our systematic analysis in Sec. 3, we
tailor the textual conditions during denoising on the selected blocks according to
the attribute in Tab. 1. The tailoring parameter λ(l) in Eq. 4 is set to 1.5 unless
otherwise specified. We compare our method on text-to-image generation with
TACA [28], which attaches a timestep-aware importance on the textual condi-
tions within the attention. We report the full sentence tailoring and token-level
tailoring results on the T2I-CompBench and GenEval benchmarks. During infer-
ence, we sample 1024×1024 images using the EDM [18] sampler for 28 denoising
steps, and use the official default settings for the other inference parameters.
Evaluation Metrics. We evaluate our method on the T2I-CompBench [16]
and Geneval [11] benchmarks, which are widely adopted for text-to-image align-
ment. Additionally, we utilize Aesthetics score [35] and HPSv2 [51] to evaluate
the overall image quality, ensuring that our method does not negatively impact
the synthesis quality of the original models. We follow the official guidance for
evaluation. All experiments are carried out on NVIDIA 4090 and H100 GPUs.
Selected Blocks for Tailoring. In the Sec. 3, we systematically investigate the
block-wise interactions in MMDiT-based models, and identify similar patterns
across three representative attributes. In the Fig. 4, the representative attributes
exhibit similar block-wise behaviors, as highlighted in the enlarged details. This
indicates that the selected tailoring blocks can be generalized to other attributes.
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Table 1: Blocks for tailoring the text-visual interactions of different models.

Models SD3.5-Large FLUX.1-Dev Qwen Image

Total Blocks 38 57 60
Tailoring Blocks {3,9,15,21} {2,7,12,17,22} {3,9,15,21,27}

Table 2: Quantitative results on T2I-CompBench with token-level and full
sentence tailoring results. TexTailor consistently improves the text alignment on
three models across various attributes.

Model Attribute Binding Object Relationship Count Comp. Image Quality

Color Shape Texture 2D Spa. 3D Spa. NonSpa. HPSv2 Aes.

SD3.5 0.7284 0.5592 0.7471 0.2866 0.3816 0.3118 0.5969 0.3727 29.2869 6.0978
TACA 0.7434 0.5784 0.7444 0.2947 0.3839 0.3114 0.6029 0.3820 29.3225 6.2297
Ours(token) 0.8061 0.6789 - - - - 0.6088 - 29.0384 6.0346
Ours(full) 0.8052 0.6744 0.8428 0.3647 0.3923 0.3169 0.5987 0.4047 28.9501 5.9401

FLUX 0.7322 0.4908 0.6490 0.2935 0.3739 0.3044 0.5877 0.3597 29.1586 6.3563
TACA(r=64) 0.7535 0.5126 0.6522 0.3043 0.3814 0.3045 0.5855 0.3619 29.1525 6.3327
TACA(r=16) 0.7296 0.4898 0.6549 0.2991 0.3790 0.3034 0.5780 0.3585 29.1375 6.3205
Ours(token) 0.7815 0.5500 - - - - 0.6091 - 29.2329 6.4119
Ours(full) 0.7804 0.5482 0.6980 0.3280 0.3900 0.3054 0.5860 0.3691 29.2267 6.4110

Qwen Image 0.8554 0.6358 0.7650 0.3973 0.4077 0.3110 0.7406 0.3983 28.8831 6.1925
Ours(token) 0.8688 0.6369 - - - - 0.7616 - 29.0204 6.2307
Ours(full) 0.8677 0.6348 0.7796 0.4560 0.4202 0.3123 0.7359 0.4104 29.0212 6.2378

We uniformly select the proper number of blocks, 4 for SD3.5-Large and 5 for
FLUX.1-Dev and Qwen Image, respectively, for tailoring in the yellow region
of Fig. 4(bottom panel). Tab. 1 shows the selected tailoring blocks for different
models, on which we conduct the tailoring experiments.

5.2 Improved Text Alignment of Text-to-Image Generation

Qualitative Results. Fig. 1 and Fig. 6 show the qualitative results of our
TexTailor compared to three baseline models. TexTailor significantly improves
the text alignment across various semantic attributes, including amount, colors,
textures, and complex prompts, etc. Even though the tailoring blocks are selected
based on the representative attributes, the other attributes can also benefit from
our method. This observation demonstrates the generalizability of the tailoring
blocks across different attributes.
Quantitative Results. Tab. 2 and Tab. 3 show the token-level and full tai-
loring results on T2I-CompBench and GenEval benchmarks. We could observe
that our proposed method consistently obtains performance gains across various
attributes on all three models, demonstrating the superiority and flexibility of
our method. Remarkably, we achieve substantial improvement of 12% on Shape,
10% on Texture, and 8% on Color, in a totally training-free manner. Although
due to the inherent limitations of the baseline models in the attribute of quan-
tity, our token-level tailoring performs better than default sentence tailoring,
outperforming the baseline performance. Additionally, the quantitative results
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Table 3: Quantitative results on GenEval. * denotes token-level tailoring.

Model Overall Single Two Count∗ Color Pos. ColorAttr HPSv2 Aes.

SD3.5 0.6642 0.9438 0.8939 0.6344 0.8059 0.2325 0.4750 29.5759 5.8871
Ours(full) 0.7163 0.9781 0.9672 0.6375 0.8650 0.3925 0.4825 29.3729 5.7902

FLUX 0.6538 0.9904 0.8258 0.6375 0.7713 0.2575 0.4400 29.8115 6.3650
Ours(full) 0.6826 0.9688 0.8914 0.6438 0.7739 0.3475 0.4700 29.8207 6.4043

Qwen Image 0.8551 0.9906 0.9520 0.8562 0.8617 0.7375 0.7325 30.4510 6.2327
Ours(full) 0.8777 0.9906 0.9722 0.8594 0.8989 0.7475 0.7975 30.6851 6.2113

The fluffy teddy bear and leather collar sit on the 
glass shelf by the wooden bed

An oval picture frame and a 
rectangular photograph

Two printers, one person and two pillows

The green diamond was nestled between the yellow 
hexagon and the blue cylinder

SD3.5 FLUX Qwen-ImageOurs Ours Ours

a fabric dress and a glass vase

three ships sailed alongside one swan one egg, three camels, four cars and four pillows

a fabric dress and a glass jar

a triangular clock and a square picture

Fig. 6: Qualitative comparisons between baselines and our method. Our
method significantly improves the text alignment across various semantic attributes,
including amount, colors, textures, and complex prompts, etc. Zoom in for details.

of HPSv2 and Aesthetics scores demonstrate that our method improves the text
alignment while maintaining the high aesthetic quality. Together with the qual-
itative results in Fig. 1 and Fig. 6, the quantitative results further show that
the proposed TexTailor consistently improves semantic understanding in image
generation tasks and generalizes well across various attributes.

5.3 Ablation Analysis

Analysis on λ(l). This part investigates the sensitivity of the scale λ(l) . Specif-
ically, we evaluate the performance of different attributes on FLUX with λ(l)
ranging from 1.2 to 2.0. As shown in Fig 7 (a), our method achieves signifi-
cantly better results than the baseline despite some fluctuations, showing the
effectiveness of our method. Additionally, we also evaluate the performance of
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Table 4: Ablation analysis on smaller λ and block selections.

Configs Color Shape 2D Spatial

λ = 0.7 0.3161 0.2653 0.1100
λ = 0.9 0.6891 0.4395 0.2611

Enhancing Random 5 blocks 0.7624 0.5072 0.3119
Enhancing All blocks 0.2360 0.2736 0.0495
Ours 0.7804 0.5482 0.3280

(a) Scale of 𝜆 (b) Num. of enhanced blocks

Fig. 7: Ablation analysis on enhancing scale (a) and block selections (b).

weakening the textual conditions in Tab. 4. It turns out that the weakening op-
eration significantly decreases the model’s performance, further demonstrating
the importance of these vital blocks and validating the soundness of our method.
Analysis on the selection of enhanced blocks. To evaluate the effective-
ness of our analysis in selecting the proper number of blocks for enhancement,
we apply our enhancement to varying block counts N ∈ {1, 3, 5, 7, 9}. The re-
sults in Fig. 7 (b) show that increasing N initially improves performance, yet
manipulating more than 9 blocks may degrade it due to distribution shift. We
further tailor random FLUX blocks (5 and all) instead of our selected ones, and
the results are shown in Tab. 4. The table shows that enhancing random or all
blocks performs worse than enhancing the dedicated blocks identified by our
analysis, highlighting the effectiveness of our approach. What’s more, this ob-
servation also reflects that different blocks do not contribute equally to different
attributes, consistent with our findings in Sec. 3.
Robustness across blocks, samplers, timesteps and resolution. The tai-
loring blocks are identified once per model and remain fixed across all infer-
ence configurations. Tab. 5 validates robustness across different samplers (EDM,
dpm++), denoising steps (S), and image resolutions (R). TexTailor yields con-
sistent gains in all settings, confirming the robustness of block selection while
inference hyperparameters change.
Varying CFG Values. To verify that our improvements are not attributable to
CFG upscaling effects, we evaluate our method on FLUX across a range of CFG
values. As shown in Fig. 8, our method consistently outperforms the baseline on
GenEval, T2I-CompBench, and HPSv2 across all CFG settings, demonstrating
that the gains originate from our targeted text hidden state enhancement rather
than from guidance scaling.
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Table 5: T2I-CompBench Score across inference configurations on FLUX.

EDM dpm++ S=8 S=15 S=28 S=50 R=512 R=1024

Baseline 47.39 47.42 36.72 43.57 47.39 47.80 47.24 47.39
Ours 50.46 50.59 40.32 47.58 50.46 50.86 50.41 50.46

2.5 5.0 7.5 10.0 12.5 15.0

CFG Scale0.60

0.62

0.64

0.66

0.68

0.70

Ge
nE

va
l

GenEval Comparison

2.5 5.0 7.5 10.0 12.5 15.0

CFG Scale0.50

0.52

0.54

0.56

0.58

0.60

0.62

Co
m

pB
en

ch

T2ICompBench Comparison

2.5 5.0 7.5 10.0 12.5 15.0

CFG Scale28.4

28.6

28.8

29.0

29.2

29.4

29.6

HP
SV

2

HPSV2 Comparison
Baseline
Ours

Fig. 8: Robustness to varying CFG values. TexTailor consistently outperforms
the FLUX baseline across all CFG settings on GenEval, T2I-CompBench, and HPSv2.

6 Applications

Enabling Precise Text-based Editing. We incorporate our enhancement into
editing tasks, facilitating precise textual editing with the target text instructions.
Following the Stable Flow [1], we perform image editing via parallel generation,
injecting self-attention features from the source image into the target image to
preserve visual content. Differently, our empirical findings motivate us to enhance
target text embeddings across critical blocks to improve the editing accuracy.
The results in Fig. 1, Fig. 9 and Tab. 6 show the effectiveness of our method.
Our method outperforms Stable Flow on CLIPtxt score (↑0.94), showing more
accurate editing towards textural instructions. Meanwhile, the CLIPimg similar-
ity remains nearly unchanged (↓0.008), suggesting that our method effectively
enables more precise editing in line with the given instructions while preserv-
ing the visual integrity and coherence of the images. Furthermore, the result of
human preference further reflects the effectiveness of our method.
Inference Acceleration. Recall that our analysis indicates that removing some
blocks causes a smaller impact on the output, suggesting their role in rendering
fine-grained details instead of vital semantics. Accordingly, we accelerate infer-
ence with a training-free mechanism by skipping specific blocks identified as less
critical from our probing analysis. Formally, we skip the corresponding block
or its CFG operation during inference. Notably, our method is complementary
to existing acceleration techniques, such as Teacache [24], to achieve further
acceleration. Tab. 7 reports inference acceleration results by skipping less criti-
cal blocks, showing averaged inference time over 400 prompts on NVIDIA 4090
and H100 GPUs. Our method substantially reduces inference time and can be
seamlessly combined with TeaCache for further acceleration. The minor drops
of HPSv2 (↓ 0.19) and Aesthetic (↓ 0.01) scores are justified by the acceptable
visual quality and faster inference time.
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A 3D render of a dog standing on 
a sidewalk on a sunny afternoon

..two dogs.. An illustration of a koala clinging 
to a tree with misty mountains

An illustration of a deer in a forest 
clearing in golden hour light

An illustration of a panda sitting 
with bamboo nearby

..golden koala..

..three pandas.. ..write deer..

Source

..two dogs.. ..golden koala..

..three pandas.. ..write deer..

StableFlow Ours Source StableFlow Ours

Fig. 9: Qualitative comparisons of editing results between Stable Flow and
our method. Our method enables more precise editing on specific attributes by chang-
ing the color, amount, etc.

Table 6: Editing results.

Method CLIPimg CLIPtxt HumanPref

Stable Flow 0.9642 35.2584 40.98%
+ Ours 0.9637 36.1988 59.02%

Table 7: Acceleration results.

Method T(s,4090) T(s,H100) HPSv2 Aes.

FLUX 36.79 13.09 29.0533 6.1903
+ TeaCache 26.62 9.61 28.8951 6.2067
+ Ours 24.53 8.88 28.8647 6.1801

7 Conclusions

In this work, we systematically analyze block-wise contributions and their in-
teractions with text conditions, offering a better understanding of the internal
mechanisms within MMDiT-based generative models. Meanwhile, our analysis
reveals several valuable findings that unlock new possibilities for improving the
synthesis quality. Based on these findings, we introduce novel training-free tech-
niques to facilitate text alignment of T2I tasks, precise semantic manipulation
of editing tasks, and accelerated inference in a training-free manner. Extensive
results demonstrate the effectiveness of our method.

Despite substantial performance gains, TexTailor has limitations. It relies on
automatic block-wise analysis and cannot perfectly synthesize highly complex
prompts due to pretraining constraints. Future work could incorporate trainable
modules and token-level dynamic routing to further improve performance.
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