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Figure 1: Our method, TORA, achieves superior semantic alignment in text-to-vision outputs for rare
prompts while requiring neither finetuning, optimization, nor additional modules; Misfired phrases in
the baseline and existing method outputs are highlighted in red.

Abstract

Starting from flow- and diffusion-based transformers, Multi-modal Diffusion Trans-
formers (MM-DiTs) have reshaped text-to-vision generation, gaining acclaim for
exceptional visual fidelity. As these models advance, users continually push the
boundary with imaginative or rare prompts, which advanced models still falter
in generating, since their concepts are often too scarce to leave a strong imprint
during pre-training. In this paper, we propose a simple yet effective intervention
that surfaces rare semantics inside MM-DiTs without additional training steps, data,
denoising-time optimization, or reliance on external modules (e.g., large language
models). In particular, the joint-attention mechanism intrinsic to MM-DiT sequen-
tially updates text embeddings alongside image embeddings throughout transformer
blocks. We find that by mathematically expanding representational basins around
text token embeddings via variance scale-up before the joint-attention blocks, rare
semantics clearly emerge in MM-DiT’s outputs. Furthermore, our results general-
ize effectively across text-to-vision tasks, including text-to-image, text-to-video,
and text-driven image editing. Our work invites generative models to reveal the
semantics that users intend, once hidden yet ready to surface.
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Figure 2: Comparison of existing diffusion-transformer methods: (a) Finetuning, (b) Optimization-
based, (c¢) LLM-grounded guidance, and (d) Ours. (e): Contrastive results between rare and common
prompts, comparing baseline and ours. The rotating arrow in (b) shows the latent-vector update loop
at each timestep.

1 Introduction

Recent progress in text-conditioned generative models has spurred interest in diffusion-based models
for generative vision tasks [1-4]. Today, numerous studies have introduced methods based on Multi-
modal Diffusion Transformers (MM-DiT), providing sophisticated mechanisms for producing images
or videos from textual prompts [3, 4]. As these models advance, users increasingly push the boundary
by exploring rare or highly imaginative prompts. However, Park et al. [5] note that such rare concepts
(e.g., “an Eiffel tower made of water’ in Fig. 1) appear scarcely in pretraining datasets, often
causing generative outputs to misalign with their text semantics. This inherent limitation can typically
be overcome by finetuning [6—10], applying optimization techniques during inference [5, 10, 11], o
leveraging the capabilities of large language models (LLMs) [5, 8, 12] (refer to Fig. 2(a)-(c)).

However, as illustrated in Fig. 2(e), we observe that a base MM-DiT accurately captures the semantics
of a common prompt such as “A child riding a swing”, whereas it struggles to represent the
meaning of a rare prompt like “A carrot riding a swing”. This observation suggests that the
model indeed recognizes specific semantics (e.g., “riding a swing’) but faces challenges when
visually reflecting rare textual semantics. Consequently, we suspect that the semantics of rare prompts
exist within the text embeddings but remain inaccessible to the model, leading us to pose the following
question: Can rare textual semantics naturally emerge within MM-DiT embeddings?

The studies in natural language processing provide valuable insights into this analogous problem.
Prior studies [13—16] have shown that text embeddings from transformer-based models naturally
exhibit anisotropy, meaning they are dominantly distributed along specific directions in their semantic
space, resulting in high cosine similarities. In other words, anisotropic text embeddings geometrically
form a hypercone semantic space. However, Cai et al. [15] demonstrated that many models [17-19]
naturally exhibit global anisotropy yet display local isotropy (evenly distributed), enabling them to
achieve strong contextual understanding by distinguishing between textual embeddings. Inspired by
these findings, we examine how anisotropy and isotropy behave across MM-DiT’s joint-attention
blocks and how they affect rare textual semantic emergence.

We start with the intuition that clarifying text embeddings in the semantic space could preserve
distinct semantics and enhance visual generation. Interestingly, our analysis reveals that variance
scale-up of text token embeddings amplifies the local isotropy in each joint-attention block, facili-
tating the clearer emergence of rare semantics. For example, in Fig. 1, when processing the prompt
“an Eiffel tower made of water,” increasing the representational distance between each text to-
ken (e.g., “tower” and “water”) helps preserve distinct semantics throughout generation process.
Conversely, from a global perspective, the variance scale-up increases global anisotropy, yet does
not necessarily hinder semantic emergence, in line with prior findings [20-23]. Furthermore, we
demonstrate that this intervention benefits contextualization during text-wise self-attention within
joint-attention. Nevertheless, while promising, we clarify that variance scale-up may inadvertently
amplify embedding directions unrelated to meaningful semantics. Considering all these aspects, we
seek a practical approach that capitalizes on the advantages of variance scale-up while accounting for
its potential pitfalls, aiming for semantic emergence robustly in text-conditioned generation.

We introduce TORA, short for Token Spacing and Residual Alignment. Instead of retraining the model
or using external modules (e.g., LLMs) as shown in Fig. 2(a)-(c), TORA has small interventions



(Fig 2(d)). We consider the text embedding space into two distinct subspaces: a principal space
and a residual space can be partitioned via Principal Component Analysis (PCA). Token Spacing
scales up variance within the principal space, thereby enhancing semantic distinguishability. Con-
currently, Residual Alignment refines the embeddings by rotating their residual space toward the
semantic direction [24-26], mitigating unintended side effects from the token spacing. Together, these
complementary methods ensure that rare semantic tokens are not overshadowed by other tokens.

To sum up, we bear out that rare textual semantics can naturally emerge within MM-DiT embeddings
with our intervention. TORA unleash dormant semantics seamlessly integrating into standard MM-
DiT inference. Its exceptional generalizability is validated across text-to-vision tasks by the impressive
outcomes in video generation and image editing shown in Fig. 1. With the help of its low-overhead
and high-compatible features, TORA can be easily incorporated with existing methods [5, 27, 28].
Moreover, TOR A also consistently improves semantic coherence and generative quality across a broad
spectrum of textual prompts, including common prompts. Thus, our work shifts the paradigm from
attempting to externally impose semantic alignment onto generative models to naturally revealing
semantics that were already there, hidden yet waiting to emerge.

2 Preliminaries

2.1 Joint attention mechanism in MM-DiT.

Multi-modal Diffusion Transformer (MM-DiT) extends Diffusion Transformer (DiT) [29] to multi-
modal text-to-vision by jointly processing textual and visual representations, conditioning on CLIP
(L/14, G/14) [30] and T5-XXL [31] in SD 3.0 [4] and T5-XXL alone in FLUX.1 [3]. Given V text
tokens, IV latent-noise tokens, and hidden dimensions d, the initial text embedding elMt ¢ RV*d gpd
initial latent-noise embedding 2™ € RN *? are concatenated and passed through B joint-attention
blocks, at each of which the joint-attention mechanism updates both the text condition and latent
noise. Detailed formal explanations are in the §B.

2.2 Probing semantic geometry in transformer embeddings.

We primarily focus on concepts of anisotropy and isotropy in text semantic spaces [ 13—16]. Anisotropy
describes embeddings dominated by a few directions, resulting in high cosine similarity regardless of
contextual relations, while isotropy indicates embeddings evenly distributed across various directions.
Previous studies quantifying these properties within transformer layers reveal that the semantic space
of text embeddings is characterized by high global anisotropy [13, 14]. Conversely, when these
embeddings are clustered by some clustering algorithms [32-34], each cluster exhibits low cosine
similarity, indicating local isotropy [15]. With these insights, we examine the beneficial effects of
variance scaling on the anisotropic and isotropic properties of text semantic spaces within MM-DiT
blocks.

3 Analyses

Here, we explore how methodically scaling text embedding variance within joint-attention blocks
gives rise to semantic emergence, enabling the model to bring concepts from text prompts with greater
visual fidelity, particularly for rare concepts. To confirm the reliability of the observed improvements,
we perform an in-depth examination of the text semantic space’s isotropic properties, considering
both local and global perspectives [ 13—16]. Furthermore, we discuss and analyze potential limitations,
noting that variance scale-up may not always be beneficial. Additional setup details are in the §C.1.

3.1 Rare Text Semantics Emerges via Variance Scale-Up

We begin with a straightforward intuition [35, 36]: text embeddings should remain distinct in semantic
space to effectively represent their underlying concepts, rather than becoming opaque within the
model. In other words, we propose that specific semantics of text tokens inherently exist within a set
of prompt embeddings, but generative models fail to visually represent these semantics as they cannot
effectively retrieve the intended meanings. To address this, we suggest scaling the variance of text
embeddings before joint-attention computations, ensuring each embedding has a clear representational
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Figure 3: Effects of variance scaling. (a) Sum of eigenvalues of text embeddings across joint-attention
blocks, (b) Generated images illustrating visual outcomes, (c) Local isotropy scores across joint-
attention blocks, and (d) Visualization of self-attention maps for text embeddings. Results are shown
for variance scale-down, original, or scale-up.

margin within the semantic space. Let e’ denote the embeddings at block b, with mean €® and variance

eb—e° b

b : 5b ; Lab =
Var(e”). Then, the scaled embeddings é” are given by: €° = o (\/\W) +e’.

To empirically validate the effect of variance scaling, Fig. 3(a) compares the eigenvalue summation of
embeddings under variance scale-down (o < 1), original, and variance scale-up (¢ > 1) conditions.
Fig.3(b) illustrates that variance scale-up significantly enhances the visual representation of rare
semantics (e.g., tiger striped golden retriever). To further understand how variance scale-
up contributes to these visual improvements, we examine its effectiveness in capturing contextual
relationships among text tokens by comparing the averaged self-attention maps of original and
variance-scaled embeddings across timesteps (Fig. 3(d)). The results indicate that variance scale-up
intensifies self-attention activations among text tokens, thereby enhancing inter-token relationships.
Subsequently, we conduct a detailed analysis of the semantic space’s isotropic properties, considering
both global and local perspectives [13—16], as elaborated in the following sections.

3.2 Variance Scale-Up Makes The Text Semantic Space More Isotropic

Prior research [15] has shown that transformer models inherently exhibit global anisotropy, whereas
local isotropy tends to better capture meaningful semantic distinctions. Herein, motivated by this
insight, we initially focus on local isotropy. To do so, we first quantify local isotropy at each joint-
attention block of MM-DiTs using metrics introduced by Cai et al. [15]:

glocal(e) £1- ‘EC[El;éj [COS(éf, e;)]” ) (H

where indices ¢, j represent token embeddings, and ¢ indexes local semantic clusters identified using
a Gaussian Mixture Model [34]. The centered embedding €; is computed as e; = e; — ﬁ > jee €j-

Higher scores indicate increased isotropy, suggesting evenly distributed semantic directions. Fig. 3(c)
compares the local isotropy scores for variance scale-down, original, and variance scale-up embed-
dings, empirically demonstrating that variance scale-up improves local isotropy across joint-attention
blocks. Moreover, Fig. 3(a) and (c) exhibit closely corresponding trends between the block-wise local
isotropy of text embeddings and their eigenvalue summation. As a result, we can confirm that variance
scale-up enhances isotropy in the text semantic space, improving the model’s text-conditioned visual
generation process and resulting in better semantic alignment. Further analysis, other metrics [23],
and derivations for local isotropy are in the §C.2.

3.3 High Global Anisotropy Is Harmless to Semantic Emergence

Similar to our previous experiments, we also evaluated the effect of variance scaling on global
anisotropy [13]. As illustrated in Fig. 4, variance scale-up increases global anisotropy, yet it sub-
stantially improves the visual representation of specific text tokens (e.g., horned; annotated by
blue). This aligns with the machine learning community’s finding [20-23] that anisotropy of global
perspective allows networks to generalize better to unseen examples, and it can be naturally extended
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to MM-DiTs [3, 4]. On the other hand, a prior study [14] indicated that high global anisotropy in text
semantic spaces could induce semantic opacity in language models. This study proposed reducing
global anisotropy by removing principal components identified via PCA [37] to enhance contextual
clarity (see §C.3 for more details). However, when we applied this method to MM-DiTs, global
anisotropy significantly decreased (yellow lines in Fig. 4), but the visual outputs severely deteriorated
(yellow-boxed images), resulting in entirely noisy results. Thus, we conclude: (1) variance scale-up
effectively enhances rare semantic emergence by amplifying local isotropy in §3.2, and (2) increased
global anisotropy through variance scale-up does not negatively affect rare semantics in MM-DiTs.

3.4 Pitfalls of Variance Scale-Up via Semantic Vector Analysis

While variance scale-up for text token embeddings can sharpen inter-token distinctions (§3.1), it raises
concerns about potentially deviating from the core semantic direction of a prompt. To explore this
possibility, we define the semantic vector s as the difference between a conditional text embedding
€cond, Which captures prompt-specific conditions, and its unconditional (null) counterpart ez in
classifier free guidance (CFG) [24-26]: s £ econd — €. The vector s indicates the key shift from
unconditional to conditional meaning in the MM-DiT’s text embedding space. Through semantic
vector s, we measure its impact through the cosine—alignment change Ay = cos(s, €) — cos(s, e).
We evaluated A~ and CLIP scores across 500 random seeds using identical prompts, as illustrated
in Fig. 5. The results indicate that variance scale-up successfully led to Ay > 0 in approximately
75% of random seeds; however, there remain cases where it resulted in Ay < 0, often failing to
render rare semantic elements (e.g., “hand shaped”) in the generated images, resulting in lower
CLIP scores compared to instances where Ay > 0. Moreover, we show the mathematical proof for
this phenomenon in §C.4. As a result, the variance scale-up alone cannot guarantee the preservation
of semantic alignment, motivating the strategy of Residual Alignment introduced in §4.2. We also
analyze with different examples that are provided in the §C.4 similar to Fig. 5.

4 ToRA: Token Spacing and Residual Alignment

Our previous analyses delivered valuable insights regarding the manipulation of text embeddings
within MM-DiT, showing the necessity of scaling up the variance of their token embeddings to support
semantic distinguishability. Motivated by these findings, we introduce TORA, as shown in Fig. 6.
Specifically, TORA leverages Principal Component Analysis (PCA) to decompose the text semantic
space into two distinct segments: (1) the principal space, which captures the dominant semantic
dimensions that characterize text tokens, where we apply Token Spacing to amplify variance and
enable a clear distinction between token embeddings; (2) a residual space comprising less informative
or noisy components, where we apply Residual Alignment to counterbalance undesirable side effects
of token spacing as considered in §3.4. Note that, for a single prompt, we perform PCA independently
for each block at each timestep, with no sharing across blocks or timesteps.
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Figure 6: Overview of TORA. (Left) TORA is applied to text embeddings before joint-attention
blocks. (Right) TORA operates in two complementary steps: (a) Token Spacing, which expands
distances among token embeddings by scaling singular values in the principal semantic space; and
(b) Residual Alignment, which rotates the residual space to align with a target semantic vector.

4.1 Token Spacing

We propose Token Spacing to enhance the distinguishability among token embeddings, as illustrated
in Fig. 6(a). At each timestep and each joint-attention block b, we perform PCA before applying
joint-attention on the e”, which is a set of text token vectors. This procedure continues sequentially
in every block and timestep. This intervention is uniformly applied across all blocks and timesteps,
denoting e® (for a number of blocks b) simply as e for brevity. Initially, we decompose the space of
original text embeddings e within each joint attention block using Principal Component Analysis
(PCA): e = UXV' T, where U and V are orthogonal matrices, and X is a diagonal matrix comprising
singular values arranged in descending order (A1 > Ao > --- > A,,). Subsequently, we automatically
determine the principal subspace by identifying an optimal cutoff point for top-£ dimensions, known
as the elbow point. This elbow point, denoted by k, is obtained using the Maximum Distance to
Chord (MDC) method [38] (see §D.1 for the detailed methodology). Within this identified subspace,
Token Spacing is realized by selectively scaling the top k singular values as follows:

i =

5 oXi, ifi<k
(3] —_ 2
{/\i, ifi >k, @

where 0 > 1 denotes the scaling factor. Finally, the enhanced text embeddings é = UXVT, where

3= diag(\1, A2, ..., \p). As visually demonstrated by the transformation from e’ to €* in Fig. 6(a),
this scaling explicitly increases the embedding distances (doig — dscale), directly enhancing semantic
distinguishability among tokens. We further show that our method, Token Spacing, produces a similar
effect to amplifying the isotropy characteristics of the text semantic space discussed in §3, as detailed
in the §D.2 with detailed explanations and additional analyses thereof.

4.2 Residual Alignment

To mitigate potential side effects from variance scale-up (§3.4), such as semantic distortion or
unintended amplification of spurious representations in the embedding space, we introduce Residual
Alignment targeting the residual space beyond the principal dimensions, as illustrated in Fig. 6(b).
Specifically, we rotate the residual subspace spanned by singular vectors Vies = [Vgy1,. .., Uy)
using Givens rotation [39]. Given a target semantic vector s, defined as the difference between
the conditioned text embedding vector e.,,q generated from a specific textual context and the
unconditioned text embedding vector e generated without context, we project it onto the residual
subspace by removing its principal space component, as follows: Sy = 5 — V;,er;rs, where
Vir = [v1,. .., vg]. As shown in Fig. 6(b), we then perform a Givens rotation G within the residual
subspace to align the first residual singular vector vy, the most significant direction in the residual
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subspace, with the projected semantic vector Sy;. Formally, the rotation matrix is defined as:

Govit1 = ool (3)
|| Sproi

We note that Gy is not an arbitrary matrix, but rather a deterministically constructed orthogonal
matrix [39], designed to align the dominant residual component vy ; with the semantic direction
s by the angle ¢ between them. Finally, we rotate the residual subspace vectors accordingly as
Vies = Gy Vies. The enhanced embedding is then reconstructed as: € = UE[V},T, Vres] . Details on
Residual Alignment and Givens rotation, along with results addressing the side effects in Fig. 5, are
provided in the §D.3.



Table 1: RareBench performance comparison across various models and categories in Image and
Video generation. Darker cells indicate the best-performing model in each column, while lighter cells

indicate the second-best scores. GPT-40 was evaluated using the same seed setting as in R2F [5].
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S Experiments

Benchmarks. We evaluate our method primarily on Zext-to-Image generation, while demonstrating
its versatility in Text-to-Video generation and Text-driven Image Editing. For image generation, we
use RareBench [5] for rare concept evaluation, and T2I-CompBench [40] and GenEval [41] for
compositional tasks with common concepts. We further validate generalizability through video
generation and image editing evaluations using RareBench.

Implementation details. We apply our method to joint-attention-based MM-DiT models, evaluating
text-to-image tasks on Stable Diffusion 3.0 [4], FLUX-dev, and FLUX-schnell [3], and extending
to CogVideoX (2B/5B)[27] for text-to-video and Stable Flow[28] for image editing. All hyperpa-
rameters are maintained at their default settings except for a single scaling factor (¢ = 1.3). Further
implementation details are provided in the §D.1.

5.1 Main Results

RareBench in text-to-image generation. Table 1 shows that our method, TORA, improves the
performance of baseline models [3—5] across all categories in both GPT-40 [42] and human evaluations
on RareBench [5]. Additionally, Fig. 7 provides quantitative visual comparisons of generated samples.
Our model notably enables the successful emergence and alignment of rare semantics across numerous
imaginative prompts. Furthermore, the improved results of R2F + Ours in Table 1 emphasize our
model’s simplicity and compatibility with existing methods. Furthermore, additional qualitative
comparisons with GPT-4o [42] are provided in §H, with additional visualizations across various seeds
and prompts in §F.

Compositional alignments in text-to-image generation. To assess the model’s broader applicability,
we extend our evaluation to T2I-CompBench [40] and GenEval [41], which focus on common
prompts rather than rare concept cases. As Table 3 shows, the model enhanced with our method
outperforms the baseline across all categories on these benchmarks, mirroring its gains on RareBench.
This confirms that our approach not only improves performance on rare text inputs but also preserves
the intrinsic meaning of common prompts. Qualitative results are provided in the §F.

5.2 Generalizability Across Various Text-to-Vision Tasks

RareBench in text-to-video generation. To verify the effectiveness of our method across di-
verse tasks, we extended our approach to text-to-video generation using the MM-DiT-based
CogVideoX [27] and evaluated rare-prompt performance on RareBench [5] with GPT40-MT
scores [43] and a human study (Table. 1). In most evaluation categories, our method improves
performance by over 20%p, reflecting its effectiveness in enhancing semantic alignment across
diverse visual As illustrated in Fig. 8, our method enables the baseline model to effectively capture
rare concepts from the prompts (e.g., “...fox playing piano...”), allowing these concepts to emerge
clearly across temporal motion and action at each frame of the generated videos. Additional results
and ablation studies for video generation are provided in the §F.



CogVideoX

OUrs cogyideox

A fox playing piano in a desert at golden hour, with a distant A golden retriever in a Santa outfit descends the stairs next to a
dust storxm and cinematic, hyperreal lighting. house perched on the clouds
----------------------------------------------------------------------

CogVideoX

OUIS Cogyideox

A squirrel in a Hawaiian shirt walks through a rainy European- A raccoon in a trench coat reading a mystery novel under a glowing
style street, holding a rainbow umbrella mushroom

Figure 8: Qualitative comparison of Text-to-Video generation results between the standard
CogVideoX [27] and CogVideoX with our method applied, evaluated on custom rare prompts.

a cat riding a fish a bunny eared cat

Table 2: Performance compari-
son between baseline and ours
in Image Editing. Reforance ’
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Metric Stable Flow  + Ours
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Human 50.8 87.7 Reference

GPT4o0 62.1 82.8 Image Stable Flow Ours Stable Flow Ours

Figure 9: Qualitative comparison of Text-driven Image Edit-
ing results between the Stable Flow [28] and our method,
evaluated on custom rare prompts.

RareBench in text-driven image editing. We investigated the applicability of our method to text-
driven image editing with Stable Flow [28]. Stable Flow edits images using reference images generated
from simple prompts like “a photo of [0BJ],” where [0BJ] denotes objects from RareBench, allowing
us to edit with rare concept prompts. As shown in Fig. 9, our approach helps the model generate rare
semantics. Edited images were evaluated using three CLIP-based metrics, GPT-40, and a human study,
following Stable Flow’s evaluation framework. In Table 2, our method improved upon the baselines
across all evaluation metrics. Notably, the CLIP;ye, which compares reference and generated images,
yielded relatively lower scores due to significant visual changes natural to RareBench prompts. See
the §F for detailed evaluation metrics, extended results, and ablations on image editing.

5.3 Ablation Studies

Effects of 0. To assess the impact of the token spacing parameter o, we varied ¢ from 1.0 to 1.5
and measured RareBench scores for each setting. As shown in Fig. 10(a), o = 1.3 yields the highest
performance across all categories, whereas both lower and higher values produce lower scores. To
understand this behavior, we visualized the attention maps in Fig. 10(c) and found that, at ¢ = 1.3,
the model consistently concentrates on the correct regions corresponding to attributes like “bearded”
and “spotted,” demonstrating that this range best facilitates fine-grained semantic alignment. See
the §F, for additional results of various o values.

Effects of residual alignment. In Fig. 10(b), we evaluated Residual Alignment, showing improved
performance across all categories when combined with Token Spacing compared to Token Spacing
alone. Additionally, Fig. 10(c) indicates that ‘w/o Residual Alignment’ results in attention maps
with appropriately positioned yet weak attention, insufficient for the effective emergence of desired
semantic elements in the images. Therefore, Residual Alignment is identified as a crucial technique
for guiding embeddings toward semantic directions as discussed in §3.4.



Table 3: Comparison results on broader applicability in Text-to-Image generation using GenEval [41]
and T2I-CompBench [40]. Darker cells indicate best scores; Lighter cells are second-best.

GenEval \ T2 Compbench

Models Single | Two . - Attribute Color Shape Texture Spatial Non-Spatial Complex

Object | Object | Counting | Colors | Position | poryo0 | GpT4  BLIP ‘ GPT4  BLIP ‘ GPT4 BLIP | GPT4 UniDet | GPT4  CLIP ‘ GPT4  3-in-1
MM-DiT Baselines
SD3.0 098 | 074 | 063 | 067 | 034 036 | 903 840 | 762 633 | 913 800 | 720 340 | 885 314 | 852 477
FLUX-schnell | 098 | 077 | 070 | 063 | 018 029 | 887 825 | 712 594 | 900 781 | 730 350 | 887 317 | 834 455
FLUX-dev 098 | 081 | 074 | 079 | 022 045 | 917 843 | 771 650 | 929 800 | 744 365 | 901 323 861 4SS
MM-DiT v/ LLM
R2Fsp 30 098 | 076 | 065 | 068 | 036 040 | 905 843 776 639 | 919 817 | 756 456 | 892 325 | 853 479
R2Frioxsomn [1099° 077 | 059 | 061 | 020 045 | 874 825 | 709 585 | 904 787 | 747 414 | 902 320 | 821 454
MM-DiT w/ TORA
Oursspso 098 | 077 | 066 | 070 [0S0 061NN 905 845 | 775 642 | 924 WS2OMNTZAN 455 | $89 338 | 860 481
Ours Loy semer |09 0S4 [T0277 085 0.47 0.55  [WO23MISA6T MISOMGSTNNOB0N 812 | 766 460 |WO03NII3587 WS69W 477
Oursrroxaw | 099 | 080 | 074 | 070 | 039 051 | 908 842 | 737 615 | 913 798 | 747 (U466 90.1 333 | 839 462
(a) () )

A bearded

RareBench Performance

A spotted

Figure 10: Ablation studies on RareBench [5]: (a) Token Spacing with varying o; (b) impact of
Residual Alignment; (c) qualitative results and corresponding attention maps.

6 Related Work

Transformer in diffusion models. Recent advancements in diffusion models have brought to
the forefront transformer-based architectures like Diffusion Transformer (DiT) [29], especially
Multi-modal Diffusion Transformers (MM-DiTs). MM-DiTs integrate text and visual information
through joint-attention mechanisms, significantly enhancing semantic alignment between prompts and
generated visuals. In particular, FLUX [3] and SD3.0 [4] now represent state-of-the-art performance,
surpassing previous UNet-based approaches [1]. Despite these advances, accurately visualizing
complex textual descriptions remains challenging, leading researchers to explore both finetuning
methods [6—10] and training-free techniques [5, 10, 11] for improved semantic coherence. Our
work shares similarities with these efforts, focusing on pretrained MM-DiT models through simple
interventions that require neither structural modifications nor retraining.

Improving text embeddings in diffusion models. A fair amount of practical work has explored
various strategies to improve text embeddings in UNet-based diffusion models, underpinning better
semantic fidelity, compositional accuracy, and controllability. Ahmed and Mittal [44] and Zarei
et al. [45] have demonstrated improved prompt fidelity and attribute binding through finetuning
embeddings. Other recent studies [5, 46—48] have integrated LLMs, garnering deeper semantic
insights and substantially improving complex prompt understanding. Moreover, other approaches
have focused on inference-time interventions, such as regulating cross-attention dynamics [49-51], to
better reflect prompt semantics. Beyond common prompts, our work investigates how text embedding
variance scale-up influences semantic alignment for imaginative and rare prompts, focusing on the
relatively underexplored MM-DiT architecture.

7 Discussion and Conclusion

In this paper, we have presented TORA, a simple yet effective intervention for improving MM-DiT
models for vision generation tasks of rare text semantics. In particular, we investigated whether
text embeddings can naturally emerge their specific meanings in MM-DiT and whether models can
effectively apply these semantics to vision generation. We showed TOR A can effectively elicit this
semantic emergence, leading to improved generation performance. Through extensive evaluation, we
confirmed our method’s generalizability across fext-to-image, text-to-video, and text-driven image
editing tasks. Lastly, we hope our findings help shift the focus from imposing external semantic
constraints to naturally revealing the embedded semantics already there within MM-DiT; We provide
more discussion in the §G.
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A Additional Material: Media Gallery

As displaying video content frame by frame within the paper offers only limited insight into temporal
coherence and visual quality, we provide a Media Gallery Page featuring the full video outputs from
both the main and additional experiments. This page allows for a more faithful assessment of motion
consistency and prompt alignment. The results can be viewed at: https://neurips2025-1573.
github.io/

B The Join-Attention in Multi-Modal Diffusion Transformers

Multi-modal Diffusion Transformer (MM-DiT) extends Diffusion Transformer (DiT) to the multi-
modal text-to-vision setting, jointly processing textual and visual representations. Conditioning text
embeddings come from CLIP (L/14, G/14) [30] and T5-XXL [31] in Stable Diffusion 3 (SD3) [4],
and from T5-XXL alone in FLUX.1 [3]. The initial text embedding ™' € RY*? where V denotes
the number of text tokens, and the latent-noise embedding ™' € RV*? where N represents the
number of image tokens, are processed through B joint-attention blocks.

For every block b € {1,2, ..., B}, the text condition e*~! and latent noise 2°~! are updated. These

dual-stream joint-attention blocks (also referred to as multi-modal attention layers or MMATTNSs in
some literature [52]) are designed to keep the image and text modalities in separate residual streams
while allowing for interaction. The process within each block can be detailed as follows:

1. Adaptive Layer Normalization (AdaLN): The input image patch representations z°~! €
RV >4 and prompt token embeddings e’~1 € RV >4 are first processed by adaptive layer
norm (AdalLN) operations. As described by Peebles and Xie [29] for DiTs, these AdalLN
layers are conditioned on the diffusion time-step ¢ and a global CLIP vector embedding. The
AdaL.N operation effectively applies a LayerNorm and then modulates the normalized em-
beddings using learned affine transformation parameters (scales - and shifts 3, though some-
times only scales are used) derived from ¢ and the CLIP vector. Let hl; ! = AdaLN(eb™1)
and hf’njgl = AdaLN(z"~!) be the modulated embeddings. These +y, 3 parameters (or just
) are also used to scale the residual connections later.

2. Query, Key, and Value Projections: Separate learned projection matrices are used for text
and image modalities to generate queries (Q), keys (K), and values (V). These are applied
to the modulated embeddings from the AdaL.N step:

b—1 __ 3 b—1yx/b
Qu _hu qu
b—1 __ pb—1yxsb
Kﬂ 7hu W,W
b—1 __ pb—1 b
V., =h,"W,,

for each modality p € {txt,img}. Here, W2

2 WP W e R are the modality-
specific projection weights at block b.

v,

3. Joint Attention Mechanism: The core of the block is the attention operation. The attention
outputs for text (o) and image (0,) are computed as:

b—1/grb—13T _ _
i’ K - b—1 Kb INT
Oe = lsoftmax <t Y £ ) ) ; softmax (m (Ko ") >] V;ffl )

Vd Vd
b—1/grb—1\T b—1/grb—1\T
img KX img I{invy
Oy = [softmax ('mé(\/&“)> ; softmax (%)] V;f]’];l ®)

where the [-; -] operation indicates that the attention scores (maps) from cross-modal attention
(e.g., text queries attending to image keys) and self-modal attention (e.g., text queries
attending to text keys) are combined (e.g., concatenated or summed) before being applied to
the values of the query’s own modality.

4. Output Linear Layer and Residual Connection: The attention outputs o, and o, are
then passed through another linear projection layer. These projected outputs are then added
back to the original input embeddings of the block (before AdaLN, i.e., e®~! and 2*~1),
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scaled by a factor (e.g., Vix» 'y{mg) derived from the AdaLN modulation parameters, thus
completing the residual path for this attention stage:

e’ = e’ ! 4/, - Linear(o.)

zl =21+ Yimg - Linear(oz)
It’s important to note that a full joint-attention block, similar to standard Transformer blocks, would
typically also include a position-wise Feed-Forward Network (FFN) or MLP, itself conditioned via
AdaLN and with its own residual connection, for both the text and image streams after the attention
mechanism described above. The description provided focuses on the multi-modal attention aspects.

This dynamic embedding evolution distinctly differentiates MM-DiT from traditional UNet-based
diffusion models. These joint-attention blocks operate sequentially across B layers at each timestep
for latent noise prediction.

C Analyses Details
C.1 Setup Details

Rare Pro;\mpts (70) Common P)l:ompts (30)
N

N\
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Figure 11: Distribution diagram of prompt samples used in the analysis.

As stated in the main paper, we retain the default settings provided by the baseline models [3, 4, 27, 28]
and only adjust the o values derived from our proposed method through ablation studies. In our
analysis, we utilize both prompts from the original RareBench [5] and additional prompts generated
using GPT-40 [42].

In total, our analysis considers 100 text prompts. 40 prompts come directly from RareBench’s eight
benchmark categories (five per category) [5], and the remaining 60 prompts are generated with
GPT-40 [42], comprising 30 rare prompts, created strictly under RareBench [5]’s rarity guidelines,
and 30 common prompts added as a bias check to ensure that our analysis is not limited to rare cases.
A concise overview of the entire prompt set appears in Fig. 11. While the main manuscript reports
results with random seed 42 for reproducibility, following the evaluation protocol of R2F [5], the
present analysis probes robustness by sampling additional seeds other than 42, thereby capturing
stochastic variability that could influence generation quality.

Due to the intrinsic characteristics of the MM-DiT architecture, the initial text embeddings are
consistently fed into the first block of each timestep. Additionally, we observed that embedding
patterns across the 24 blocks within each timestep exhibit strong similarities from one timestep to the
next. Based on this insight, our analyses primarily focus on the behavior observed at the block level.

C.2 Further Discussion for Local Isotropy

To rigorously verify the isotropic properties of the text semantic space discussed in Section 2.3, we
experimentally analyze how variance scale-up impacts isotropy using the IsoScore metric proposed
by Rudman and Eickhoff [23], noting that this metric does not locally measure isotropy. Additionally,
beyond the examples presented in Fig. 3, we provide supplementary examples consisting of generated
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Figure 12: Results of measuring isotropy based on the IsoScore [23] metric with variance scaling.
Left: A comparative plot of the sum of eigenvalues for the original and variance-scaled data. Right: A
comparison of IsoScore values before and after variance scaling.

images and their corresponding text self-attention maps to further assess the generality of our approach
across diverse prompts.

Another metric to measure isotropy: IsoScore [23]. While our analysis in Section 2.3 verified the
isotropic properties of textual semantics by calculating local isotropy through embedding clustering,
Rudman and Eickhoff [23] provides a complementary global perspective by introducing IsoScore,
an isotropy metric computed without relying on clustering or cosine similarity-based methods.
Specifically, given a V' text token embeddings represented by the matrix e € RY *¢ with sample
mean e, IsoScore is calculated as follows:

PCA c RVXk

First, embeddings are projected onto their first k principal components to obtain e ,and

the covariance diagonal 3 p is computed:

B diag(Cov(ef4))
20 = VE g Cov(erR) | ©

where || - || is the Euclidean norm. We determine the number of principal components k for each
block using the Maximum Distance to Chord (MDC) method [38], as described in Section 3.1. Then,
isotropy defect d(e) and dimension occupancy (e) are defined as:

5(3):M, where 1 = (1,...,1)" € R* @)

2(k — Vk)

o) = B 0P G= VRY "

Finally, the metric is rescaled to range between 0 and 1, defining IsoScore* as:

k-ple)—1

— ©))

gIsoScore (6) =

Here, &isoscore € [0, 1], with &isoscore = 1 indicating perfect isotropy (uniform distribution across all
principal directions) and values near 0 indicating high anisotropy.

Fig. 12 shows the block-wise IsoScore results computed from MM-DiTs using the procedure de-
scribed above. The results with variance scale-up exhibit higher isotropy across blocks compared to
the original and scale-down. This aligns with our findings using other isotropy metrics, confirming
that variance scale-up improves the isotropic properties of the text semantic space.

More analysis results for local isotropy. In Fig. 3 of Section 2.2, we observed that variance scale-up
in MM-DiTs facilitates rare semantic emergence for rare prompts— a phenomenon not occurring
under the original configuration. Additionally, variance scale-up intensifies activation among text
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tokens, as reflected in the text self-attention maps, thereby enhancing inter-token relationships.
Fig. 18 provides supplementary results supporting this observation, presenting additional examples
and corresponding text self-attention maps from SD 3.0 [4] and FLUX [3], beyond those included in
the main manuscript.

C.3 Further Discussion for Global Anisotropy

In the main manuscript we demonstrated, from a global standpoint, that the text-semantic space of
MM-DiT exhibits pronounced block-wise anisotropy. Empirically, this anisotropy does not impair
the fidelity of the generated images; rather, an overly aggressive attempt to eliminate it produces
almost entirely noisy outputs (see Section 2.4 in the main paper). In this section, we present a
mathematical derivation of the global anisotropy-reduction procedure adopted in our study, namely
the post-processing technique proposed by Mu et al. [14]. We further examine related studies[20-
23] to explain, from a global perspective, why text semantic space’s anisotropic representations
arise naturally in transformer architectures and how moderate regularization, instead of wholesale
suppression, preserves the useful structure of the embedding space.

Reducing global anisotropy via principal component removal. Mu et al. [14] identify pronounced
global anisotropy in standard word—embedding spaces, showing that a shared mean vector and a few
high-variance principal directions dominate the geometry. They propose a lightweight post-processing
step, mean subtraction followed by removal of the top principal components, that markedly restores
isotropy and enhances downstream performance. As outlined earlier in our main manuscript, we
apply the same strategy to MM-DiT; the detailed mathematical derivation used in our implementation
is presented below.

Let the original embedding matrix be e = [e] ... eﬂ,l] € RIVIxd,

V]

1
é:m;v“ éi:ei—é. (10)
1 W
C:WZ@J:UAUT, (1)
i=1
where U = [uy,...,uy] holds eigenvectors in descending order of eigenvalue. Choosing D =
|d/100], we form Up = [uy, ..., up| and project out the dominant subspace:
e, =¢é —UpUhLeé;. (12)

Following Mu et al. [ 14], we use D=15 when d=1536 in Stable Diffusion 3.0 [4]. The resulting block-
wise anisotropy scores and corresponding generations are shown in Fig. 4 of our main manuscript,
highlighted in yellow.

Global anisotropy revisited: Extended discussion and related work. In this section, we further
explore the nature of anisotropy within the text semantic space of MM-DiT, building upon long-
standing discussions in the Natural Language Processing (NLP) community.

Intuition might suggest that anisotropy, where text embeddings are predominantly distributed across a
few key dimensions, could negatively impact downstream tasks. However, our experiments, detailed
in Section 2.4 of the main manuscript, reveal its harmlessness concerning the semantic emergence
effect we proposed. We aim to provide a more comprehensive explanation, drawing upon related
works [20-23], of why this characteristic, particularly in transformer models, can be a natural global
phenomenon that doesn’t necessarily correlate with downstream model performance.

The Implication of Global Anisotropy in Neural Networks: Contrary to certain traditional NLP
literature [13, 14], global anisotropy in text semantic spaces is not inherently detrimental to down-
stream task performance. Instead, it is increasingly recognized as an intrinsic property of transformer
architectures and a direct consequence of stochastic gradient descent (SGD) optimization [20]. This
perspective posits that anisotropy, arising from SGD, facilitates the model’s convergence to flat
minima in the loss landscape, which is known to promote superior generalization compared to sharp
minima [20, 23]. Furthermore, extensive research indicates that neural networks inherently compress
data into lower-dimensional manifolds [22, 23]. These compressed representations often lead to
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Figure 13: Pitfalls of variance scale-up as seen through A~ in additional examples (random sampled
50 prompts from Fig. 11). (a) Analysis of extended samples: It presents results from 50 randomly
selected samples used in our analysis. The distribution illustrates the average frequency value for
each sample, with error bars indicating the standard deviation. (b) Impact of residual alignment on
side effects: We examine the change in A~y values across samples after applying Residual Alignment,
demonstrating its effect on mitigating side effects.

enhanced performance on downstream tasks. Notably, a lower intrinsic dimensionality (ID) in the
final layers has been identified as a robust predictor of classification accuracy on test data [21].
This perspective directly contrasts with earlier claims suggesting that increasing global isotropy
(decreasing global anisotropy) improves model representations, potentially at the cost of perfor-
mance degradation [23]. Conversely, a growing body of evidence suggests that heightened anisotropy,
through this very compression into lower-dimensional manifolds, can lead to performance gains [20].

Local Isotropy and Generalization: Several studies [20, 23] corroborate these observations: SGD
intrinsically introduces anisotropic noise, which aids in escaping sharp minima and converging to
flatter, more generalizable minima. Deep neural networks progressively compress data representations
into manifolds of progressively lower intrinsic dimensionality in later layers. This dimensional
compression in later layers strongly correlates with improved generalization performance [20]. The
low-dimensional representations learned by neural networks are thus believed to prevent overfitting
and facilitate generalization by effectively discarding task-irrelevant dimensions. These discrepancies
collectively motivated our investigation into local isotropy to accurately characterize the text semantic
space.

Our Conclusion: In conclusion, the evidence strongly suggests two key points. First, global anisotropy
naturally emerges from neural network training. Second, the compression of representations into lower
intrinsic dimensions is intrinsically linked to enhanced generalization performance. These findings
hold true across general neural network learning and classification tasks, as supported by existing
literature [20-23]. Lastly, we find that these insights extend naturally to flow- and diffusion-based
generative models for text-to-vision tasks that utilize natural language input.

C.4 Pitfalls of Variance Scale-Up via Semantic Vector Analysis

In Section 2.5 of our main manuscript, we argued that, although variance scale-up demonstrably
benefits semantic emergence, it does not invariably producce positive results for every text prompt or
random seed. Here, we provide a mathematical derivation that clarifies this limitation and present
additional experimental examples beyond Fig. 5 in the main paper.

Mathematical derivations. We restate the key definitions from the main paper before delving
into new analyses. We first introduce the semantic vector: s = e.ong — €5, the difference between
the conditional text embedding eng and its unconditional (null) counterpart ey used in classifier-
free guidance (CFG). Let e be the original text embedding and é its variance scale-up version.
The cosine difference quantifies the effect of variance scale-up on semantic alignment: Ay =
cos(s, &) — cos(s, e). A positive value of A~y indicates that variance scale-up enhances alignment
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with the semantic direction s, whereas a negative value signals a degradation. A~y can be rewritten as

s-é s-e s-é-|le]| —s-e-|é|

A~ = cos(s, é) — cos(s, e) (13)

~lsliliell sl llell sl llell lI€ll

Because the denominator is strictly positive, the sign of A~ is governed solely by the numerator
s-e-llef —s-e-éf.

Now let the two comparison vectors share a common component €, the mean of e, and differ in
a residual direction u = —===, writing é = € + ou and e = é + u with scaling factor ¢ > 0.

\/ Var(e)
Substituting these forms gives the inner products s-é = s-€é+o(s-u)ands-e=s-€+ s - u.
Keeping the norms symbolic, ||€|| and ||e|| depend on &, u, and o but remain positive, we obtain

s-é-fell —s-efé]
—(s-e+os-ule| —(s-e+s-u)e]
= (s-@)(lell — [lél}) + (s - w)(oell - [lé])- (14)

Hence,
sign(Ay) = sign((s - €)([lell — [[€]]) + (s - u)(alle]l - [|€]])) (15)

In words, whether cos(s, é) exceeds cos(s, e) is determined by two weighted gaps: the shared-
component inner product s - € multiplied by the difference of norms, and the residual inner product
s - u multiplied by the scaled norm gap. Plugging explicit formulas for the norms, if desired, turns
this boxed condition into concrete inequalities for Ay > 0 or Ay < 0. This sign rule shows that
scaling the residual (o) improves alignment (Ay > 0) when s is more aligned with the residual
direction u, and worsens it (Ay < 0) when s is closer to the mean component €. Consequently, as
we mentioned in the main manuscript, even though variance scale-up often helps in a broad sense, it
does not automatically improve alignment along the semantic direction—mathematically, A~ can
still turn negative, so a semantic gain is not guaranteed.

More analysis results. Fig. 13(a) extends the analysis of the A~y distribution for text embeddings,
originally presented in Fig. 5 of the main manuscript, to a larger sample set (50 prompts and 100
random seed per prompt). When A~ < 0, the average CLIP score registered at CLIP ., = 0.16 £0.1,
whereas for A~ > 0, it consistently reached CLIP, = 0.45 + 0.1.

D Methods Details

In this section, we provide an analysis of our proposed method, Token Spacing and Residual Alignment.
Specifically, we investigate how isotropy, previously analyzed in the main paper in Section 2, is
affected by our proposed approach. We further analyze how Residual Alignment mitigates potential
side effects arising from Token Spacing, quantifying its effectiveness in enhancing semantic alignment
within the embedding space.

D.1 Implementation Details and GPU Time/Memory Analysis

Our experiments and results derivation were based on Stable Diffusion 3.0 [4] and FLUX.1 [3], both
publicly available on HuggingFace. We reproduced the results of R2F [5] using their publicly accessi-
ble code from their official GitHub repository. It is worth noting that R2F exclusively supports SD 3.0
and FLUX-schnell within the MM-DiT model family, and does not provide support for FLUX-dev.
Our computational resources included a single NVIDIA 48GB A6000 GPU for general experiments
and results, with a single NVIDIA 80GB A100 GPU dedicated to Text-to-Video generation.

Table 4: Evaluation of GPU performance across diverse methods for text-to-image generation with
Stable Diffusion 3.0.

Models \ SD 3.0 R2F [5] Ours

Peak Memory (GB) 22.02 38.49 22.17
GPU Time (sec) 21.30£1.1 7813+236 44.74+1.9
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Figure 14: We analyzed the geometric properties of the text embedding space after applying Token
Spacing. (a) The left plot shows the sum of eigenvalues for the original text embeddings compared to
those with Token Spacing applied. (b) The right plot illustrates the local isotropy score.

Beyond this, for a practical demonstration of our algorithms’ performance, we analyzed
their GPU time and memory usage on an NVIDIA 48GB A6000 GPU, conducting all ex-
periments ourselves. We measured the resources needed to generate the complex prompt
“ahorned lion and a wigged elephant”, which features two rare concepts, consistent with the
experimental setup in Park et al. [5]. For each measurement, we performed 100 trials using different
random seeds for the same prompt and report the average values and their standard deviations in
Table. 4. These results are limited to the diffusion sampling steps.

D.2 Effects of Token Spacing for Local Isotropy

We analyze our method, Token Spacing, focusing particularly on its influence on local isotropy and
inter-token relationships. We demonstrate that increasing the distances between embeddings enhances
the local isotropy, effectively improving semantic emergence. Here, we investigate whether Token
Spacing yields comparable benefits. To briefly summarize Token Spacing, we first perform Principal
Component Analysis (PCA) on the embedding space, decomposing it into principal and residual
spaces. Token Spacing then expands the distances between token embeddings within the principal
space, effectively amplifying their variance along principal directions. While this approach conceptu-
ally parallels a simple variance scaling, our goal is to specifically examine whether Token Spacing
also improves local isotropy, an important factor associated with clearer semantic differentiation
among tokens.

As shown in Fig. 14, we observe results that closely align with our intended outcomes from the
variance scale-up analysis in Fig. 3 of the main manuscript. Token Spacing elevates local isotropy to
a level comparable with direct variance scale-up, validating that Token Spacing effectively boosts the
isotropic structure within local cluster neighborhoods.

D.3 Effects of Residual Alignment for Mitigating the Side Effects from Token Spacing

To mitigate potential side effects (see Section 2.5 and C.4) introduced by variance scaling, we propose
an additional technique named Residual Alignment. Residual Alignment involves rotating the residual
space, previously obtained through PCA, toward a meaningful semantic direction, enhancing semantic
coherence while preserving variance-increased embeddings.

Specifically, as depicted in Fig. 13(a) and (b), we compare the values of A~y before and after applying
Residual Alignment. Here, A~ is defined as cos(s, &) — cos(s, e), where € denotes the adjusted
embedding. More explicitly, before Residual Alignment, e represents embeddings modified solely
by Token Spacing. After applying Residual Alignment, however, € reflects embeddings adjusted
by both Token Spacing and Residual Alignment. This distinction allows us to directly evaluate the
incremental impact of Residual Alignment on semantic coherence. The results clearly illustrate that
Residual Alignment effectively reduces discrepancies, refining semantic alignment and demonstrating
its complementary role alongside Token Spacing.
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E Evaluation Details

We follow the same evaluation protocol as RareBench [5] for both Human Study and GPT-40
evaluation [42]. In the following sections, we describe the scoring criteria for Human Study and
GPT-40, as well as provide a brief explanation of the prompts used for each task. Basically, our
evaluation methodology followed Park et al. [5]: all evaluations were initially scored on a [1, 2, 3, 4, 5]
point scale by GPT-40 and Human, which were then normalized to [0, 25, 50, 75, 100] for reporting
the final benchmark performance.

E.1 Human Study

For the human study, we recruited 23 distinct participants. Participants evaluated the alignment
between the given prompt and the generated images using scores ranging from 1 to 5, where a score
of 5 indicates a perfect alignment between the image and text, while a score of 1 means that the
image fails to capture any aspect of the prompt. We utilized the same prompt categories defined by
RareBench, and participants assessed outputs generated by our model and baseline models under
identical conditions within each prompt category. To ensure unbiased evaluation, model identities
were anonymized, and the presentation order of generated outputs was randomly shuffled within
each category and prompt. The detailed scoring guidelines are identical to those used in the GPT-40
evaluation; please refer to the GPT-40 evaluation example provided below.

E.2 GPT-40 Evaluation

We conducted an identical evaluation procedure using GPT-40, employing the same scoring guide-
lines and assessment protocol as in the human evaluation described above. To ensure consistency
and reproducibility, we set the random seed to 42, following the exact methodology outlined in
RareBench [5].
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GPT-40 Instruction: RareBench for Text-to-Image

You are my assistant evaluating the correspondence of an image to a given text prompt.
Focus specifically on:

* Objects in the image and their attributes (e.g., color, shape, texture)
* Spatial layout and positioning
* Action relationships among objects

Evaluate how well the provided image aligns with the following prompt:
[PROMPT]

Assign a score from 1 to 5 based on the criteria below:
: Image perfectly matches the content of the text prompt with no discrepancies.
: Image portrays most of the content with minor discrepancies.

: Image depicts some elements, but omits key parts or details.

N W A WU

: Image depicts few elements, omitting many key parts or details.
1 : Image fails to convey the main scope of the text prompt.

Provide your evaluation clearly within 20 words using the format below:

### SCORE: [your score]
### EXPLANATION: [brief justification]

GPT-40 Instruction: RareBench for Text-to-Video

You are my assistant evaluating the correspondence of a time-lapse video to a given text
prompt.

You will receive eight key frames extracted from the video, each filename indicating its
position in a sequence.

Focus specifically on:

* Objects in each frame and their attributes (e.g., color, shape, texture)
* Spatial layout and positioning

* Action relationships among objects

» Consistency and appearance/disappearance of elements across frames

Evaluate how well the provided video aligns with the following prompt:
[PROMPT]

Assign a score from 1 to 5 based on the criteria below:
: All frames perfectly match the text prompt with no discrepancies.
: Most content matches, but minor discrepancies exist in a few frames.

: Some key elements match, but several important details are missing or incorrect.

N W A W

: Only a few prompt elements appear; many key details are absent or wrong.
1 : The video largely fails to convey the prompt’s content.
Provide your evaluation clearly within 20 words using the format below:

### SCORE: [your score]
### EXPLANATION: [brief justification]
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GPT-4o0 Instruction: RareBench for Text-Driven Image Editing

You are my assistant evaluating the effectiveness of text-driven editing from a reference image
(first) to an edited image (second), guided by the following text prompt:

[PROMPT]

Focus specifically on:
» Changes in objects and their attributes (e.g., color, shape, texture)
* Adjustments in spatial layout and positioning
» Modifications in action relationships among objects

Evaluate how effectively the edited image reflects the intended transformation described by
the prompt compared to the reference image.
Assign a score from 1 to 5 based on the criteria below:

5 : Edited image perfectly matches the intended transformation described by the
prompt.

4 : Edited image effectively conveys the transformation with minor discrepancies.

3 : Edited image captures some intended transformations but misses key details.

2 : Edited image reflects few intended changes, omitting many key transformations.

1 : Edited image fails to convey the intended transformation from the reference image.
Provide your evaluation clearly within 20 words using the format below:

### SCORE: [your score]
### EXPLANATION: [brief justification]

E.3 Evaluation Prompts for Each Benchmarks

RareBench. We primarily utilize RareBench [5] to evaluate rare prompts. RareBench comprises
prompts featuring single objects across five categories: property, shape, texture, action, and complex.
Multi-object prompts are categorized into concat, relation, and complex. Each category contains 40
diverse prompts, totaling a comprehensive set for evaluation.

T2I-Compbench. To assess performance on more common prompts, we also evaluate using T2I-
CompBench [40]. T2I-CompBench offers a holistic evaluation framework, encompassing six cate-
gories: color, shape, texture, spatial relationships, non-spatial relationships, and complex compositions.
Each category provides tailored prompts, such as “a blue bench and a green cake” for the color
category. For evaluating attributes like color, shape, and texture, we employ BLIP. Spatial relation-
ships are assessed using UniDet for object detection, while non-spatial relationships are evaluated
with CLIP. Complex compositions are analyzed using the 3-in-1 evaluation method proposed by
T2I-CompBench.

GenEval. We also evaluated with GenEval [41], which is an object-focused framework designed to
evaluate compositional image properties, including object co-occurrence, position, count, and color.
It leverages object detection models to verify the presence and attributes of objects in generated
images, facilitating fine-grained, instance-level analysis. GenEval’s evaluation pipeline includes tasks
such as single object recognition, two-object co-occurrence, counting, color classification, position
assessment, and attribute binding. This comprehensive approach allows for detailed evaluation of
text-to-image models’ capabilities in generating semantically accurate and compositionally coherent
images.

F Additional Experiement Results

F.1 Additional Ablation Studies
Experiments for extended o range on Text-to-Vision. Fig. 15 presents an extended ablation study,

building upon Fig. 10 of the main manuscript, to thoroughly investigate the impact of the hyper-
parameter o on both Text-to-Image and Text-to-Video tasks. In our method, TORA, o is critically
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Figure 15: Ablation study investigating the impact of varying the hyperparameter ¢ on our method’s
performance across the RareBench [5] benchmark. (a) Results plot depicting Text-to-Image perfor-
mance for each category in RareBench, generated using the SD 3.0 [4]. (b) Corresponding results
plot for Text-to-Video performance across RareBench categories, utilizing the CogVideoX-5B [27].
In both tasks, o = 1.3 was consistently identified as the optimal hyperparameter setting.
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Figure 16: Ablation studies investigating the impact of Residual Alignment within our proposed
method, TORA, evaluated on RareBench [5]. (a) For the Text-to-Image task, incorporating Residual
Alignment consistently delivered superior performance across all categories, as measured on the SD
3.0 [4]. (b) Similarly, the Text-to-Video task also demonstrated the best quantitative results when
Residual Alignment was utilized, with measurements taken on the CogVideoX-5B [27].

utilized for Token Spacing. Our experiments consistently demonstrate that optimal performance for
both tasks is achieved at ¢ = 1.3. A notable observation is the significant performance degradation
when o < 1.0. Specifically, for o < 0.7 or 0 > 1.9, the generated outputs consistently exhibit
characteristics close to pure noise or bear no relevance to the input prompt whatsoever, resulting in
the lowest possible score of 0.0. While our method exhibits some sensitivity to the value of o, it is
crucial to highlight that within the range of 1.0 < o < 1.5, our model consistently outperforms the
baseline across all evaluated categories.

Effects of Residual Alignment on Text-to-Vision. Fig. 16 presents additional quantitative results
demonstrating the impact of residual alignment on our method, building upon the insights from
Fig. 10. As evidenced in Fig. 16(b), the integration of residual alignment significantly enhances
performance in Text-to-Video generation when combined with token spacing within our framework.
This outcome demonstrates that employing only token spacing in our method, TORA, does not
achieve optimal performance due to the side effects we previously identified in Section 2.5 of the
main paper and Appendix C.4. Consequently, this quantitative ablation study further validates that
our proposed residual alignment effectively mitigates these undesirable symptoms.

Ablations on Text-Driven Image Editing. Table 5 presents an extended ablation study, building upon
Table 2 from the main manuscript, to comprehensively examine the influence of the hyperparameter
o on text-driven image editing performance. Consistent with the findings reported in the main
manuscript, the CLIP;y,, scores generally show lower values compared to the baseline across various
settings. However, our method achieves the highest directional alignment, measured by CLIPg;, at
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Table 5: CLIP similarity scores for image, text, and directional alignment across different o values of
Stable Flow [28] + Our approach on Text-Driven Image Editing. The analysis also demonstrates the
impact of residual alignment in our methods. The values highlighted in yellow are taken from our
main paper, and those marked in blue indicate the highest-performing results per metric.

Experiments | CLIPjn,t CLIPt CLIPgT GPT-4ot

Ablation Studies for Various o (w/ residual alignment)
0.7 0.77 0.23 0.13 55.7
0.8 0.82 0.25 0.14 68.4
0.9 0.82 0.25 0.13 72.9
1.0 0.83 0.25 0.14 73.4
1.1 0.82 0.28 0.17 77.2
1.2 0.81 0.28 0.18 79.3
1.3 0.80 0.28 0.20 82.8
1.4 0.81 0.28 0.20 84.5
1.5 0.82 0.29 0.18 87.2
1.6 0.81 0.29 0.18 86.1
1.7 0.82 0.29 0.16 81.4
1.8 0.81 0.29 0.17 70.6
1.9 0.80 0.29 0.17 68.4

Ablation Studies for Residual Alignment (o = 1.3)

w/o residual alignment \ 0.83 0.25 0.14 68.4

o = 1.3 and o = 1.4. Additionally, we observe a clear trend where increasing o consistently improves
CLIPcx; and CLIP;,, performance, whereas significantly lower values, such as o = 0.7, result in
substantial performance degradation. For GPT-40 score, performance rises when the scale factor o
lies between 1.3 and 1.6; pushing o below 1.3 or above 1.6 consistently degrades performance, a
trend that matches what we observe on other diverse tasks.

Looking at these results, what we find particularly noteworthy is that, given that Stable Flow [28]
only controls a subset of layers rather than all layers simultaneously, the variations in performance
relative to baseline methods appear limited. Nevertheless, applying either Token Spacing or Residual
Alignment methods improves the baseline performance. As previously discussed, choosing an
appropriate ¢ value remains crucial for optimal model performance, and it’s important to note
that while ¢ = 1.3 demonstrates strong results overall, it does not universally produce superior
performance across all metrics.

Evaluating robustness across random seeds. To check if our method consistently performs well
no matter the random seeds, we tested its strength on 20 prompts from RareBench [5]. We used
50 different random seeds for each prompt and then took the average score. As shown in Fig. 17,
our approach consistently bolsters the baseline’s reliability. Moreover, when integrated with other
methods [5], we observe a general uplift in benchmark performance.
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Figure 17: Quantitative results evaluating robustness across random seeds on RareBench.
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F.2 More qualitative results

In this section, we present further qualitative results. These include insights into compositional
alignment, alongside Text-to-Image generation, Text-to-Video generation, and Text-Driven Image
Editing with rare prompts.

Note. Full-page figures are placed at the bottom of the document.

F.2.1 T2ICompbench

Qualitative results in Fig. 19-20 demonstrate how our method, TORA, influences the model’s
compositional alignments in Text-to-Image generation.

F.2.2 Text-to-Image Generation

Supplementary Text-to-Image generation results for rare prompts are shown in Fig 21-29.

F.2.3 Text-to-Video Generation

We present further Text-to-Video generation outcomes for rare prompts in Fig. 30-34.

F.2.4 Text-driven Image Editing

Fig. 35 and 36 illustrate additional Text-Driven Image Editing results for rare prompts.

G Limitations and Further Discussions

G.1 Limitations and Future Works

Architectural Scope: Our technique is presently tailored to generative models with joint text-image
self-attention. Extending it to U-Net backbones [1, 2] and other emerging diffusion variants is a
natural next step as the architectural landscape evolves. Moreover, as Diffusion Transformers are
an actively researched area in generative modeling, similar to REPA [53], it is essential to further
explore our method’s applicability to these emerging architectures.

Prompt Length: We have not yet stress-tested extremely long prompts [54]. A systematic evaluation
of this regime will clarify the method’s conditioning limits. Investigating such cases would provide
further insights into prompt robustness and conditioning boundaries.

Broader Applicability for Training Phase with TOR A: Our method was developed as a training-free
approach. It would be interesting to investigate how its underlying principles might transfer to the
training process itself. Extending our approach to diverse learning settings remains an important
direction for future work.

Deeper Theoretical Insights for TORA: Finally, while our empirical findings reveal the role of
isotropy and anisotropy in semantic representations, exploring deeper theoretical insights into why
variance scaling is effective could more concretely explain these observations. Such insights might
also bring clarity to the phenomenon of semantic emergence, referring to how meaningful semantic
properties arise through the interplay of these representational characteristics, offering an exciting
avenue for future exploration.

G.2 Further Discussions

Our investigation centered on the semantic emergence within text embeddings in vision generative
models, particularly MM-DiT. We found that this phenomenon, where intrinsic meaning naturally
surfaces within the model, can be effectively induced through a relatively simple yet potent technique:
variance scale-up. This effect, we suggest, can be explained by the established properties of isotropy
and anisotropy as discussed in natural language processing research.

The significance of this semantic emergence finding lies in its potential to facilitate successful textual
semantic and often elusive compositional alignment internally within the model’s embedding space,
achieved through a simple yet effective intervention. This is accomplished without the need for
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external modules, such as large language models (LLMs), to forcibly inject semantic alignment.
This inherent capability appears to offer broad generalizability, allowing for seamless integration
with other methods. Moreover, its applicability is not confined to a single output data type or task,
extending to a wide array of text-to-vision tasks that leverage natural language input. We believe this
work thus presents an exciting avenue for elevating the intrinsic capabilities and potentially pushing
the upper bounds of performance for MM-DiT architectures, a vibrant area of research in modern
generative modeling.

H Qualitative Comparison with GPT-40

As GPT-40 [42] currently represents the state-of-the-art in generative models, we evaluate our method
in direct comparison to it. Although GPT-40 has recently demonstrated remarkable performance
across a variety of generative tasks, its closed-source nature limits direct reproducibility and in-
tegration. Our method is built entirely on open-source components, yet achieves results that are
qualitatively comparable to GPT-40 across a wide range of prompts, as shown in Fig. 37-40. This
highlights the potential of open models to narrow the performance gap while maintaining accessibility
and transparency. We also find that in certain instances where prompts require precise numerical
understanding, such as “A four armed ninja” in Fig. 40, GPT-40 tends to misrepresent the intended
structure. In contrast, our method accurately depicts the number of arms, highlighting improved
semantic fidelity in these challenging cases.

Note. Despite being developed entirely with open-source components, our method achieves
performance that is comparable to GPT-4o, the kind of state-of-the-art in text-to-image gen-
eration. Unlike GPT-40, which often produces visually similar outputs for a given prompt,
our method exhibits greater generative diversity across different random seeds, showing its
robustness and flexibility. Furthermore, its plug-and-play design allows seamless integration
into various generative pipelines, enabling easy experimentation and broader applicability. We
believe this accessibility positions our method as a practical and versatile contribution toward
the advancement of future generative modeling research.
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A mustachioed monkey is hanging from A bearded giraffe is admiring a
a thorny hotdog butterfly shaped dish
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A wrinkled globe is resting beside A mustachioed lizard
an ax shaped chocolate

A heart shaped basketball A lamp running with legs

FLUX

A pencil made of diamonds A crying pizza
Figure 18: Further results illustrating the influence of variance scaling (Scale-Down and Scale-Up)

on text embeddings within the original configuration, examining its effects on both generated images
and text-to-text self-attention maps.
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Left: Original (SD 3.0)
Right: Original + Ours

A woman behind a man

A giraffe behind a sofa

A train behind a chair A red cylinder and a blue cube
A big balloon and a small marble A big bathtub and a square

showerhead

rr_:

o4l

A black gold aﬁd wﬁ%fa vase A dog is sitting on a couch and
sitting on a counter watching TV with its owner

P )

The fluffy marshmallow melted The fuzzy sphere was nestled A long rectangular table and a
over the warm cocoa and the between the spiky cube and the small circular vase were placed
crunchy graham cracker smooth cylinder in the center of the room

Figure 19: Qualitative comparisons of text-to-image compositional alignments: baseline (SD 3.0) vs.
baseline + our method.
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Left: Original (FLUX-schnell)
Right: Original + Ours
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A metallic earring and A metallic ring and A cubic block and a cylindrical
a leather sofa a wooden knife containexr of hand cream

A circular rug and A phone hidden by a frog A fish hidden by a sofa
a triangular coffee table
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A gold backpack and a blue clock The soft white feathers of the The glossy apple sat next to the

owl contrasted with the sharp  fuzzy peach and the prickly pear
black talons

Figure 20: Qualitative comparisons of text-to-image compositional alignments: baseline (FLUX-
schnell) vs. baseline + our method.

33



SD 3.0 SD 3.0

Ours R2F+Qurs

o

e,
lam

A hairy c

A wooly banana

An oval shaped soccer ball

Figure 21: Further Text-to-Image generation comparisons for rare prompts.
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SD 3.0

R2F+Ours

A soccer ball with triangular check pattern

Figure 22: Further Text-to-Image generation comparisons for rare prompts.
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SD 3.0

R2F+QOurs

A hairy octopus dancing with a zebra striped duck is
shaped cheesecake

A ballet-dancing polar bear with red toe shoes and a jazz-playing kangaroo
with a blue trumpet performing together on a stage made of ice

Figure 23: Further Text-to-Image generation comparisons for rare prompts.
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FLUX-schnell FLUX-schnell FLUX-schnell
FLUX-schnell R2F Ours R2F+Ours

A burning ice cream

Figure 24: Further Text-to-Image generation comparisons for rare prompts.
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FLUX-schnell FLUX-schnell FLUX-schnell
FLUX-schnell R2F Ours R2F+Qurs
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A zebra striped pélm tree

A wooly alligator is guarding a banana shaped bottle

Figure 25: Further Text-to-Image generation comparisons for rare prompts.
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FLUX-schnell FLUX-schnell FLUX-schnell
FLUX-schnell R2F Ours R2F+OQOurs

A blue ant hides in the forest in military uniform aiming a gun at a red enemy
ant on horseback

A pirate sailing on a pyramid-shaped boat

Figure 26: Further Text-to-Image generation comparisons for rare prompts.
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FLUX-dev
FLUX-dev Ours

A banana shaped watermelon

Figure 27: Further Text-to-Image generation comparisons for rare prompts.
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FLUX-dev
FLUX-dev Ours

A cactus made of steel and a flower
patterned mirror

A zed bird with blue Fish tail

Figure 28: Further Text-to-Image generation comparisons for rare prompts.
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FLUX-dev
FLUX-dev Ours

A shrimp made of steel and a spotted
dog

A dancing bulldog is staring at a
black white checkered pineapple

A thorny kangaroo riding a unicycle on
a tightrope stretched across a canyon
filled with floating jellyfish
emitting soft glowing lights

Figure 29: Further Text-to-Image generation comparisons for rare prompts
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A dog piloting a donut-shaped spaceship through a galaxy of sprinkles

Figure 30: Further Text-to-Video generation comparisons for rare prompts.
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A fox with sunglasses driving a bumper car through a glowing tunnel

Figure 31: Further Text-to-Video generation comparisons for rare prompts.
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Abicycle and an airplane

CogVideoX

OU rs CogVideoX

CogVideoX

OU rs CogVideoX
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HE EEEEEEE SN S EEEEN

OU rs CogVideoX

A golden retriever splashes through a shallow river at sunset, chasing after a stick with droplets flying in every direction. The orange
sky reflects off the water’s surface, and willow branches sway gently in the warm evening breeze

Figure 32: Further Text-to-Video generation comparisons for rare prompts.
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A squirrel pilots a bee-patterned airplane through a forest made of giant flowers, while a squad of ant soldiers chases after him

Figure 33: Further Text-to-Video generation comparisons for rare prompts.
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A kitten rides a car drifting upward in a cozy room, captured in photoreal detail.
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A cloaked traveler climbs a steep hill toward a glowing castle in the distance, as thunderclouds gather and lightning splits the sky

Figure 34: Further Text-to-Video generation comparisons for rare prompts.
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Reference Stable Flow
Image Stable Flow Ours

A basket ball A donut shaped basket ball

A bottle

A mirror

A koala A dancing koala

Figure 35: Further Text-Driven Image Editing comparisons for rare prompts.
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Reference Stable Flow
Image Stable Flow Ours

A dog A dog cheerleading

Figure 36: Further Text-Driven Image Editing comparisons for rare prompts.
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Prompt

A thorny shark and
a mustachioed
dolphin

A thorny snake is
coiling around a
star shaped drum

A hairy octopus
dancing with a
zebra striped duck
is sitting on the
top of a star
shaped cheesecake

A flower patterned
deer flying with a
black white
checkered
pineapple is
resting on an oval
table

Figure 37: Qualitative comparisons with GPT-40-generated images.
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Prompt

A horned whale

walking with a
black white
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dragonfly is
leaning against a
mustachioed lizard

A bearded giraffe
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dancing bulldog is
smiling at a
banana shaped
bottle

A bearded parrot

A mustachioed
clownfish
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Figure 38: Qualitative comparisons with GPT-40-generated images.
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FLUX-dev

FLUX-dev Ours

Prompt

A thorny hotdog

A wrinkled globe

A zebra striped
rock

A stork made of
diamonds

Figure 39: Qualitative comparisons with GPT-40-generated images.
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Prompt

A leopard made of
plastic

A clock with tree
roots growing out
of it

A dandelion
running with legs

A four-armed ninja
with white hair in
a blue gi

Figure 40: Qualitative comparisons with GPT-40-generated images.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We have detailed all claims mentioned in the abstract and introduction in the
remaining part of the paper and the Appendix.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Yes, please see Appendix Sec. G. 2 for limitations.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: We detail the assumption and proof of theoretical result on anisotropy and
isotropy in Sec. 2 and Appendix Sec. C.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: We will publicly release all code to recover instructions and the results.
Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: Yes, we will release our codes and instructions once the blind review period is
finished.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Yes. We include all evaluation recipes in the main paper and Appendix, and
will additionally include them in the code release.

Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [NA|

Justification: We only test the models during inference steps. However, as results could vary
due to random seed effects, we provide an analysis of their impacts in Appendix Sec. F.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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8.

10.

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the
experiments?

Answer: [Yes]
Justification: Yes, please see Appendix Sec. D.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Our research conform NeurIPS Code of Ethics.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer:

Justification: We currently focus primarily on the positive impacts of this work; however,
if reviewers find it necessary, we are open to including a discussion of potential harms
associated with generative models, particularly regarding the generation of rare semantics.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer:

Justification: We used pre-trained Multi-Modal Diffusion Transformers as generative models,
which already have safeguards.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: Yes, we credited them in appropriate ways.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA|
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA|

Justification: No, our study did not involve any potential risks to participants, and thus no
risk disclosures or Institutional Review Board (IRB) approvals were necessary.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA|
Justification: The method development in this study does not make use of LLMs.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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