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Abstract

While recent autoregressive models have achieved
text-to-image generation performance compara-
ble to diffusion models, they significantly strug-
gle with fine-grained semantic alignment. To
rigorously evaluate this limitation, we intro-
duce DeltaBench, a benchmark featuring paired
prompts with subtle fine-grained differences,
which reveals that existing models fail to achieve
precise control over visual tokens. To bridge
this gap, we propose FocusDiff, a comprehensive
framework that enhances alignment by learning
from subtle differences in similar text-image pairs.
Specifically, we construct FocusDiff-Data, a
large-scale dataset of paired samples derived from
image editing tasks to capture localized semantic
shifts. Furthermore, we introduce Pair-GRPO,
an improved reinforcement learning algorithm
that extends GRPO to paired samples. Extensive
experiments demonstrate that our approach out-
performs most prior prominent methods on both
DeltaBench and existing benchmarks.

1. Introduction

Witnessing the scalability of autoregression (AR) in Large
Language Models (OpenAl, 2023), recent studies (Google,
2025b) have introduced the AR paradigm to text-to-image
generation, achieving performance comparable to diffusion
models (Labs, 2024). Leading AR-based approaches (Geng
et al., 2025; Team, 2026b) typically encode images into
discrete tokens, thus formulating generation as a next-token
prediction task. Then a diffusion decoder is employed to
decode the predicted tokens back into the pixel space, effec-
tively harnessing the strengths of both paradigms.
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Despite extensive vision-language alignment, existing AR-
based models still struggle with precise control over images
based on text conditions. To elucidate this problem, we
first introduce DeltaBench benchmark to evaluate fine-
grained semantic adherence. Unlike typical text-to-image
benchmarks (Ghosh et al., 2023; Hu et al., 2024) with a
single prompt per test case, each test case in DeltaBench
comprises a pair of prompts. The paired prompts share a
high degree of semantic overlap but contain subtle, word-
level distinctions—nuances that models frequently neglect
in favor of dominant semantic features. For every prompt
pair, we generate corresponding images and evaluate their
text-image consistency scores, denoted as s' and s2. We
then calculate the arithmetic mean score as s, = (s'+52)/2,
and the geometric mean score as s, = V' s! * s2.

Ideally, models should precisely distinguish the semantic
nuances between prompts and accurately generate the corre-
sponding images. However, even for the SOTA AR-related
model (Geng et al., 2025; Team, 2026b), the geometric
mean in DeltaBench is significantly lower than the arith-
metic mean, as shown in Figure 1(a). Considering that the
geometric mean is highly sensitive to lower values, the re-
sults indicate the instability control over fine-grained visual
generation. The examples in Figure 1(b) further illustrate
that models often fail to capture details outside the primary
semantic focus. We argue that this problem lies in the lack
of fine-grained text-to-image alignment. Standard training
lacks fine-grained annotations that explicitly map sentence
constituents to specific image regions. Thus, the optimiza-
tion disproportionately prioritizes dominant semantics while
neglecting intricate, fine-grained details.

Thus, a crucial question emerges: How can we achieve ro-
bust fine-grained text-image alignment to enable precise
control over visual semantics in AR-based text-to-image
generation? While recent advances (Yin et al., 2024; Zhao
et al., 2024) in image comprehension have attempted to
bridge this gap by leveraging contrastive learning to en-
force intra-sequence token alignment, they undermine the
core design philosophy of AR, failing to fully leverage the
successful infrastructure of LLMs. We aim to find an ele-
gant solution for fine-grained text-image alignment without
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Figure 1. (a) Geometric/arithmetic mean score in DeltaBench for AR-based models. (b) Examples of generating images for similar
prompts. (c) The subtle sensory differences between images or between texts result in only minor alterations to specific tokens.

altering the original AR-based training paradigm.

In this paper, we introduce FocusDiff, a method that en-
hances fine-grained text-image semantic alignment by learn-
ing from the subtle differences between similar text-image
pairs, without disrupting the original AR-based training
paradigm. Specifically, from the data perspective, we in-
troduce FocusDiff-Data, expanding the training case
from a single text-image pair {(7,Z)} into a set of two
pairs {(7,Z',72,7%)}. Here, T* and T2, as well as Z!
and 7?2, appear similar in overall expression, but differ in
fine-grained details beyond the core semantics. For example,
T is consistent with Z* but not with Z2, and vice versa. As
shown in Figure 1(c), the subtle sensory differences between
images or between texts result in only minor alterations to
specific visual or textual tokens. By leveraging these differ-
ential signals, FocusDiff enables MLLMs to trace the causal
efficacy of textual variations on specific visual token trajec-
tories, thus establishing fine-grained associations between
the two modalities.

From the training perspective, we introduce Pair-GRPO, a
paired reinforcement learning method that guides the model
in learning fine-grained semantic differences through an
exploration-exploitation trade-off. Specifically, we extend
the Group Relative Policy Optimization (GRPO) (Shao et al.,
2024) to visual generation with two key improvements:

(1) Expanding the Group Concept: While vanilla GRPO
considers G responses from the same prompt as a group,
we expand this to include 2 x G responses from pairs of
similar prompts with fine-grained semantic differences from
FocusDiff-Data.

(2) Shifting Focus from Exploitation to Exploration: Un-
like vanilla GRPO, which encourages fully autonomous ex-
ploration without ground-truth images, we provide ground-
truth images from FocusDiff-Data during early train-
ing to enhance exploration and guide the model to better
grasp fine-grained semantic differences. As training pro-
gresses, we gradually anneal this supervision, transitioning

from exploitation-first to exploration-first.

On this basis, with X-Omni (Geng et al., 2025) as the back-
bone, we realize better fine-grained text-image semantic
alignments on both DeltaBench and existing benchmarks.
Our main contributions are threefold:

* We introduce DeltaBench benchmark, featuring test
cases with two prompts only differing in fine-grained,
easily overlooked semantics, highlighting existing
models’ limitations in precise visual control.

* We propose FocusDiff, a paired text-image dataset with
an improved GRPO-based training paradigm, focus-
ing on fine-grained semantic differences to boost text-
image alignment.

* We achieve superior performance on existing text-to-
image benchmarks and significantly outperform most
prior prominent methods on DeltaBench.

2. Benchmark: DeltaBench

Data format and Task Categorization. In traditional
text-to-image benchmarks (Ghosh et al., 2023; Hu et al.,
2024), each test case consists of a single prompt, which is
used to measure the overall semantic alignment between
the prompt and the generated image. In this section, we
introduce a new benchmark called DeltaBench. Each test
case in DeltaBench contains two similar prompts with subtle
differences that are often overlooked beyond the primary
semantics. By comparing the accuracy of the images gener-
ated by the model for each prompt, we evaluate whether the
model has focused on the fine-grained semantic differences
in the prompts to generate correct images. We design six
categories of word-level subtle differences: (1) Overall ap-
pearance; (2) Color; (3) Counting; (4) Position; (5) Style &
Tone; (6) Text. And We present examples of each category
in Figure 2(a). See more details in Appendix C.
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Figure 2. (a) Test case examples for each subtask in DeltaBench. (b) Examples of training data in FocusDiff-Data.

Evaluation Protocols. We employ Qwen3-VL-30B (Bai
et al., 2025a) as the evaluation model to assess the fine-
grained semantic alignment between generated images and
prompts. Specifically, for each image-prompt pair, we
query the VLM with binary (Yes/No) questions regarding
both global alignment and minute-detail consistency. We
record the probability of responding “yes” (“no”) as Py
(Pyo), with the semantic alignment score as S(Z,7) =
Pyes/(Pyes + Pno)-

On this basis, given a subtask {(71% 729},
for each prompt pair, we instruct a text-to-
image model to generate corresponding images
{{(Tl’i7111ﬂ)}£<=17{(vazlz’l)}i(:l}i]\;p with  each
prompt generating K = 2 images. We define
spt o= ST, T, introduce two evaluation met-
rics: arithmetic mean s, = 7k S0 1ZJ Dy 1sk,

and geometric mean s, = & SN { Hj:1 T, s

Here, s, measures the overall semantic alignment of the
generated images with the prompts, while s, assesses the
model’s fine-grained precision and stability in generating
images for similar prompts. 77 means the j-th prompt in
i-th test case, while Z}"* means the k-th image generated

for the j-th prompt in i-th test case.

3. Method: FocusDiff

In this section, we introduce FocusDiff, a novel text-to-
image method that focuses on the differences between
similar text-image pairs to enhance fine-grained text-
image alignment. From the data perspective, we propose
FocusDiff-Data, a large-scale dataset of paired sam-
ples to capture localized semantic shifts. From the training
perspective, we further propose Pair-GRPO, an improved
RL framework that extends GRPO to paired samples.

3.1. Data Perspective: FocusDiff-Data

While traditional datasets of text-image pairs effectively
achieve global alignment, they often suffer from semantic
ambiguity at the fine-grained level. The lack of granular
annotations that explicitly map sentence constituents to spe-
cific image regions causes models to neglect subtle textual
descriptions in favor of only dominant semantics. To bridge
this gap without expensive manual annotation, we turn to
differential learning.

We construct training instances as contrastive sets
{(TY, 7Y, (T?%,7%)}. While T! and T2, as well as Z*
and Z2, are similar in overall expression and global se-
mantics, they differ in fine-grained details that are often
overlooked beyond the primary semantics. So 7 is seman-
tically aligned with Z* but not with Z2, and vice versa. In a
AR context, this minimizes the distributional shift between
samples, isolating the specific text tokens responsible for
visual changes. It compels the model to learn a precise map-
ping: detecting how a modification in the textual condition
AT directly causes the variation in the visual output AZ,
thus achieving superior fine-grained control.

To obtain such paired data, especially pairs of similar im-
ages, we leverage a image-first pipeline and turn to image
editing datasets (Wang et al., 2025¢; Ye et al., 2025; Yu et al.,
2024), which involve before-and-after-editing image pairs
where only localized regions are modified. We collect image
pairs covering diverse editing types to reflect differences
in various attributes. Then we employ a powerful visual
comprehension model to generate style-similar captions for
each pair.

Specifically, we perform an initial screening of the collecting
image pairs to assess three key aspects: (1) editing instruc-
tions following, (2) non-edited areas preserving, and (3) nat-
ural appearance. After eliminating substandard samples, we
input the before-and-after image pair and the editing instruc-
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tion into InternVL3.5-38B (Wang et al., 2025b), prompting
it to generate captions with similar structure but different
key words to highlight the subtle image differences.

After generating the captions (7%, 72) for the images
(Z*,7?), we then perform a post-verification to ensure three
conditions: (1) 7' and 72 exhibit similar semantic struc-
tures; (2) each caption must align with its corresponding
image; and (3) cross-alignment is prohibited. Any violations
trigger regeneration and re-verification using InternVL3.5.

Ultimately, we retain about 500, 000 high-quality data pairs.
Randomly selected examples from FocusDiff-Data
are visualised in Figure 2(b), where the paired images or
prompts exhibit only region-level or word-level differences.
See more details in Appendix D.

3.2. Training Perspective: Pair-GRPO

With FocusDiff-Data, we first conduct a supervised
text-to-image fine-tuning. Then we perform reinforcement
learning based on an improved version of GRPO (Shao et al.,
2024), as shown in Figure 3, realizing a better balance of
exploration-exploitation trade-off.

Vanilla GRPO for Image Generation. We aim to adopt
GRPO as the framework for reinforcement learning, which
eliminates the value function and estimating the advantages
in a group-relative manner. Specifically, for each prompt, we
sample a group of GG outputs and compute the advantage Ay,
by standardizing the individual reward Rz, against the group
statistics, with a QA-based reward. The policy parameters
are then updated via the following objective, incorporating
a KL divergence penalty for stability:

{21 L il ii(

=1 j=1

JO)=E

(T,a)~D
{yiYsii~mo, C1T)

(1
min (piyin,clip(pi,,j, 1—¢e,1+ E) ) 5DKL)>:|

where p; ; denotes the probability ratio between the new
and old policies, and Dgy, = “’;:f log Tref _ 1 represents
the KL divergence. See more detains in Appendix A.

Pair-GRPO for Fine-Grained Semantic Focusing. To
enhance the model ability to capture subtle differences be-
tween two prompts, we extend the group concept in GRPO
from images generated by a single prompt to those generated
by a pair of similar prompts. This aligns with our core idea
of comparing the outputs from similar prompts. Specifically,
given a pair of input prompt {71, 72} with similar global
expressions but fine- grained semantics differences, a group
of 2G images {Z}}$_, for 71 and {Z2}$_, for T2 are sam-
pled from the old pohcy {Z}}$ | and {I b } I, are assigned
to the same group Go = {(T*,Z})}¢, U {(T2,Z3)}5,
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Figure 3. The framework of Pair-GRPO.

for advantage calculation.

Furthermore, from the FocusDiff-Data dataset, we
could also obtain the ground-truth images Z' and Z2 cor-
responding to 7' and 72. Despite the high similarity be-
tween Z' and 72, during construction we ensure that Z*
achieves a favorable reward score when conditioned on 7,
but achieves an unfavorable score when conditioned on 7.
Thus, if we further incorporate 7' into the group, it can
assume a dual role within the group: it serves as a positive
guide in {(7,Z})}$_, indicating the correct visual seman-
tics, and as a cautionary counterexample in {(72,Z2)}5_ |,
warning the model to avoid generating erroneous visual se-
mantics that are commonly encountered. The same applies
to 22

On this basis, we introduce a dynamic probability p
that starts at 1.0 and gradually decreases to 0.0 during
RL training. At each training iteration, with probabil-
ity p, we expand the group G to include the above ad-
ditional pairs from FocusDiff-Data: ¢ = Gy +
(T, 2Y, (T, 2%, (T2,1"), (T?,12)}. Otherwise, the
group remains as G = Gy. This is a process of shifting
focus from exploitation to exploration. In the early stages
of training, the labeled images from the dataset encourage
more exploitation to the model, offering more appropriate
guidance. As training progresses and the model’s ability to
grasp fine-grained differences strengthens, the probability of
providing labeled images gradually decreases. And finally,
we encourage model to develop advanced problem-solving
strategies through fully autonomous exploration.

In each iteration, after defining the group concept, we em-
ploy the same way as vanilla GRPO to calculate the rewards,
advantages and the objective function.

4. Experiments

We employ X-Omni (Geng et al., 2025) as the backbone,
developing X-Omni-FocusDiff, excelling in text-to-image
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Table 1. Results on DeltaBench with Qwen3-VL-30B as the evaluator. The best results within each category (diffusion or AR-based) are

in bold fonts with the second best underlined.

Overall Appear. Color Counting Position Style&Tone Text Average
Method #Params | s, T 54T ‘ saT 847 ‘ Sa T 847 ‘ sa T 847 ‘ sa T sg71 ‘ 5¢T 8471 ‘ Sa T 847
Diffusion Model
SD3 (Esser et al., 2024) 8B 68.4 60.3 89.8 87.5|482 394|451 342|823 757|834 779|695 625
FLUX.1-dev (Labs, 2024) 12B 64.5 553 88.0 83.6 |39.1 30.1 |451 36.6| 786 69.2| 831 77.6| 664 58.7
Sana-1.5 (Xie et al., 2025a) 4.8B 68.2 60.2 90.8 88.6 | 40.4 332|430 32.1 |875 834|612 540|652 586
Flow-GRPO (Liu et al., 2025) 2.5B 68.6 60.1 90.0 87.8 | 41.8 29.2 | 445 332 | 838 787 | 838 784|688 612
Lumina-Image 2.0 (Qin et al., 2025) 2B 62.2 51.9 833 783|351 204|441 327|849 798|421 287|586 486
HiDream-I1-Full (Cai et al., 2025b) 17B 68.0 60.3 88.1 863 | 41.6 357 | 46.6 377|847 79.7 | 893 855 | 69.8 64.2
HunyuanImage-2.1 (Team, 2025) 17B 67.6 60.3 80.1 763 | 604 547 |59.1 49.1 | 81.2 782 | 414 328 | 654 58.6
Z-Image (Cai et al., 2025a) 6B 66.5 61.2 88.5 86.8 | 465 39.8 | 46.0 364 | 885 822|945 928 | 71.8 66.5
Qwen-Image (Wu et al., 2025b) 7B+20B | 69.5 66.1 90.8 90.0 | 620 582 | 61.1 47.6|89.2 863|912 898 | 77.3 73.0
FLUX.2-dev (Labs, 2025) 24B+32B | 72.8 69.4 95.1 94.0 | 658 62.1 | 66.1 54.8 | 924 899 | 97.2 96.0 | 81.6 77.7
AR-based (AR+Diffusion or only AR)
SEED-X (Ge et al., 2024) 17B 47.1 329 713 624 | 344 248|214 103|790 712|220 135|459 36.1
Show-02 (Xie et al., 2025b) 7B 66.8 55.1 86.2 839|257 19.6 | 36.5 227 | 838 782 | 302 21.0 | 548 47.1
Emu3 (Wang et al., 2024) 8B 58.7 46.2 752 649 | 36.1 262 | 344 262 |80.1 71.7|28.0 17.6 |52.1 422
BLIP-30 (Chen et al., 2025a) 8B 66.3 57.7 86.5 824 | 36.8 31.0 | 46.0 34.0 | 86.8 82.8 | 441 310 | 61.2 532
OmniGen2 (Wu et al., 2025¢) 7B 68.1 58.6 869 819 | 36.1 28.6 | 47.1 40.1 | 838 77.7 | 753 68.0 | 66.0 58.7
Bagel-Think (Deng et al., 2025) 7B+7B | 65.9 55.9 849 813|407 319|434 358|808 71.6 | 395 289|595 509
Janus-Pro (Chen et al., 2025b) 7B 65.4 56.6 86.8 845|255 17.0 | 442 259|853 81.0|49.1 379|594 50.6
Lumina-mGPT 2.0 (Xin et al., 2025) 7B 59.0 48.7 785 70.2 | 285 21.7 | 32.1 24.1 | 781 688 | 304 193 | 51.1 42.1
T2I-R1 (Jiang et al., 2025) 7B 68.5 61.6 904 87.6 | 37.1 28.6 | 463 354|870 827|668 592|658 589
X-Omni (Geng et al., 2025) 9.6B 63.0 54.3 825 740|322 236|412 325|785 702|758 669 |61.8 532
GLM-Image (Team, 2026b) 9B+7B | 67.2 60.8 89.2 862|482 402 |47.1 372|898 828|958 929 | 729 66.7
X-Omni-FocusDiff (Ours) 7B+12B | 68.7 65.3 90.9 89.0 | 57.8 54.0 | 585 46.0 | 88.7 857 | 92.1 90.8 | 76.1 71.8

generation, with improved capabilities of vision-language
alignment. More details are given in Appendix E and F.

4.1. Main Results on DeltaBench

We conduct zero-shot evaluations on DeltaBench for our
model and recent advanced diffusion-based and AR-based
text-to-image methods. We report the arithmetic mean
scores s, and geometric mean scores sy in Table 1 with
Qwen3-VL-30B (Bai et al., 2025a) as the evaluator. We
have the following key findings of existing methods:

(1) SOTA models in both categories exhibit strong align-
ment, driven by parameter scaling. The top-performing
models across both architectures, FLUX.2-dev and Qwen-
Image (diffusion), and GLM-Image (AR-based) all achieve
impressive arithmetic-mean scores. These results highlight
a clear trend: larger parameter counts generally correlate
with superior fine-grained text-image alignment perfor-
mance, regardless of the underlying architecture.

(2) Generation stability remains a major challenge for
most models. The gap between s, and s, reflects a model’s
generation stability. With the notable exceptions of FLUX.2-
dev and Qwen-Image, most existing models exhibit signifi-
cant instability with gaps exceeding 5.0 points, especially
for AR-based models. For instance, the backbone X-Omni
shows a 8.6-point gap. This suggests that precisely con-
trolling fine-grained visual semantics remains difficult for
models without specialized stability-enhancing training.

Compared to existing methods and the backbone, X-Omni-

FocusDiff achieves the following advantages: (1) Signif-
icantly improved text-image alignment. After training,
X-Omni-FocusDiff achieves superior vision-language align-
ment, reaching an average s, of 76.1. Compared to the
backbone X-Omni, our model achieves a massive improve-
ment of 14.3 points in s, and 18.6 points in s,. Remarkably,
our model outperforms GLM-Image and comes close to the
performance of the 27B Qwen-Image, demonstrating that
our FocusDiff method allows a mid-sized model to reach
the alignment capabilities typically reserved for much larger
SOTA models.

(2) Enhanced Generation Stability matching top-tier
SOTA. Our method effectively bridges the stability gap
inherent in AR-based generation. X-Omni-FocusDiff re-
duces the s, — s4 gap to only 4.3 points, making it one of
the few models, alongside FLUX.2-dev and Qwen-Image,
to achieve a stability gap of less than 5 points. This is a sig-
nificant enhancement compared to the backbone’s 8.6-point
gap, which allows the model to reliably focus on subtle se-
mantic differences for stable, high-quality image generation.

4.2. Main Results on Existing Benchmarks

We further conduct zero-shot evaluation on 3 text-to-image
benchmarks: GenEval (Ghosh et al., 2023), LongText-
Bench (Geng et al., 2025), and DPG-Bench (Hu et al., 2024).
The comparison against diffusion and AR-based models is
shown in Table 2. We have the following observations: (1)
In most settings, our model achieves superior performance
than various leading models. Notably, on GenEval, X-Omni-
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Table 2. Comparison with leading models on GenEval, LongText-Bench and DPG-Bench on zero-shot text-to-image generation. The best
results within each category (diffusion or AR-based) are in bold fonts with the second best underlined.

GenEval LongText-Bench DPG-Bench
Method #Params | Overallf Single Obj. Two Obj.T Counting Color{ Position T Color Attr. T ‘ English? ‘ Average?
Diffusion-Only
SD3 (Esser et al., 2024) 8B 0.74 0.99 0.94 0.72 0.89 0.33 0.60 - 84.08
FLUX.1-dev (Labs, 2024) 12B 0.66 0.98 0.79 0.73 0.77 0.22 0.45 0.607 83.79
Sana-1.5 (Xie et al., 2025a) 4.8B 0.81 0.99 0.93 0.86 0.84 0.59 0.65 - 84.70
Lumina-Image 2.0 (Qin et al., 2025) 2B 0.78 0.99 0.87 0.67 0.86 0.70 0.62 82.32
HunyuanImage-2.1 (Team, 2025) 17B 0.79 0.98 0.92 0.71 0.86 0.66 0.61 - 85.15
Z-Image (Cai et al., 2025a) 6B 0.84 1.00 0.94 0.78 0.93 0.62 0.77 0.935 88.14
Qwen-Image (Wu et al., 2025b) 7B+20B 0.91 1.00 0.95 0.93 0.92 0.87 0.83 0.943 88.32
AR-based (AR+Diffusion or only AR)

SEED-X (Ge et al., 2024) 17B 0.49 0.96 0.57 0.29 0.82 0.14 0.15 - -
Show-02 (Xie et al., 2025b) 7B 0.76 1.00 0.87 0.58 0.92 0.52 0.62 0.006 86.14
Emu3 (Wang et al., 2024) 8B 0.54 0.98 0.71 0.34 0.81 0.17 0.21 - 80.60
BLIP-30 (Chen et al., 2025a) 8B 0.84 - - - - - - 0.021 81.60
OmniGen2 (Wu et al., 2025¢) 7B 0.80 1.00 0.95 0.64 0.88 0.55 0.76 0.561 83.57
Bagel-Think (Deng et al., 2025) 14B 0.82 0.99 0.94 0.81 0.88 0.64 0.63 0.373 85.07
Janus-Pro (Chen et al., 2025b) 7B 0.80 0.99 0.89 0.59 0.90 0.79 0.66 0.019 84.17
Lumina-mGPT 2.0 (Xin et al., 2025) 7B 0.80 1.00 0.92 0.57 0.88 0.70 0.72 - 79.11
T2I-R1 (Jiang et al., 2025) 7B 0.79 0.99 091 0.53 091 0.76 0.65 - 84.42
X-Omni (Jiang et al., 2025) 7B+12B 0.83 0.98 0.95 0.75 0.91 0.71 0.68 0.900 87.65
GLM-Image (Team, 2026b) 9B+7B 0.89 0.99 0.94 0.89 0.89 0.82 0.81 0.952 84.78
GPT-40 (OpenAl, 2024) - 0.85 0.99 0.92 0.85 0.91 0.75 0.66 0.956 86.23
X-Omni-FocusDiff (Ours) 7B+12B 0.90 1.00 0.96 0.91 091 0.83 0.81 0.935 88.35

FocusDiff achieves higher overall score than large-scale pa-
rameter models like Qwen-Image and proprietary models
like GPT-40. This underscores that we endow the MLLM
with enhanced capability of vision-language alignment. (2)
Compared to the backbone model X-Omni, our method
achieves consistent improvements across all benchmarks,
significantly enhancing the capabilities of base model with
strong effectiveness.

4.3. Qualitative Examples

Image Generation with Similar Prompts. Figure 4
present a direct qualitative comparison among X-Omni,
Nano Banana Pro (Google, 2025b) and our model on se-
mantically similar prompts (two samples per prompt). We
can see that X-Omni struggles to precisely control the fine-
grained requirements of similar prompts. While even the
leading Nano Banana Pro occasionally yields results in-
consistent with the prompt. In contrast, X-Omni-FocusDiff
accurately discerns subtle semantic distinctions, consistently
generating high-quality images aligning with the prompts.
More Qualitative Examples of the generated images are
given in Figure 9 in Appendix G.

Image Generation with Counterfactual Prompts. En-
dowing our model with fine-grained control over visual
details enables it to generate images that accurately match
counterfactual prompts that are rarely found in real-world,
as shown in Figure 6. For instance, given “A giant ham-
burger aims to eat a small person on a plate”, though X-
Omni captures the entity scales, it fails to distinguish the
subject-object relationship. In contrast, our model accu-
rately resolves this semantic ambiguity, correctly depicting
the hamburger as the active agent that aims to eat the person.

Qualitative Examples Generated on Similar Prompts
within DeltaBench. Detailed qualitative examples on
DeltaBench for our model are presented in Appendix Fig-
ure 10 due to page limitations. These examples highlight a
key strength of our model: beyond aligning with the main
subject semantics, our model demonstrates precise control
over intricate, off-center details. Whether it is the specific
geometry of background bokeh, the text on a corner bottle’s
label, or the color of tiny distant lights, our model handles
these fine-grained constraints with remarkable accuracy.

4.4. In-depth Analysis

Effect of Individual Components. To investigate the ef-
fectiveness of each component, we trained the following ab-
lation models: (1) w/o Group Expanding: The group con-
cept is restricted to images generated from a single prompt.
(2) w/o GT Image: We set p = 0.0 and do not provide
ground-truth images during RL. (3) Vanilla GRPO: We
fully degrade Pair-GRPO to the vanilla GRPO. (4) w/o
FocusDiff-Data: We select a set of commonly-used
prompts to replace FocusDiff-Data for Vanilla GRPO
training. As shown Rows3-5 in Table 3, Pair-GRPO consis-
tently outperforms other ablated algorithms on DeltaBench.
Moreover, as shown in RowsS5-6, the performance obtained
from training with FocusDiff-Data outperforms that
with commonly-used prompts. This indicates that both
Pair-GRPO and FocusDiff-Data enable the model to
effectively focus on the fine-grained prompt requirements,
thus achieving better text-image alignment on DeltaBench.

Stricter Evaluation on GenEval with FPR. We intro-
duce a stricter evaluation metric on GenEval termed Full-
Pass Rate (FPR). FPR is defined as the success rate of
prompts, where a prompt is deemed successful only if every
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Figure 4. Qualitative Comparisons of X-Omni, Nano Banana Pro and our model on similar prompts (generating two images each prompt).

image generated for that prompt is correct. As shown in
Figure 5(a), X-Omni and GLM-Image suffer significant per-
formance drops of 9 and 15 points, respectively, in FPR. In
contrast, our model achieves a substantially higher FPR with
a marginal decline of only 4 points, demonstrating a higher
success rate and superior stability in image generation.

Stricter Evaluation on DeltaBench with Extended Sam-
pling. We also conduct stricter evaluation on DeltaBench
by gradually extending the number of images sampled per
prompt from 2 to 8, with the resulting performance trends
illustrated in Figure 5(b). For X-Omni and GLM-Image, in-
creasing the number of sampled images leads to a significant
decline in the geometric mean, indicating poor generation
stability. In contrast, for our model, the geometric mean
decreases only very slightly (from 71.8 to 69.8) as the num-
ber of generated samples increases. These confirm that
our model consistently generates high-quality images with
enhanced stability.

Stability of Pair-GRPO Training As acknowledged in
(Yu et al., 2025; Xiong et al., 2025), GRPO is notoriously
difficult to train due to its inherent instability. However,

we find that Pair-GRPO not only surpasses vanilla GRPO
in performance, but also enhances the training stability. In
Figure 5(c), we present the reward trends at different training
steps for both vanilla GRPO and Pair-GRPO. Compared
with the fluctuating rewards of vanilla GRPO, Pair-GRPO
demonstrates a steady reward improvement, which suggests
that it effectively optimizes the training instability.

Choice of Evalua-
tion Models. To
validate the reliabil-

Table 4. Pearson-r with human eval.

. Model Pearson-r{
ity of VLM-based Qwen3-VL-30B (Bai ct al., 2025a) 0.77
; Qwen2.5-VL-72B (Bai et al., 2025b) 071
evaluatlon, we InternVL3.5-38B (Wang et al., 2025b) 0.76
selected 70 human- GLM4.6v-flash-9B (Team, 2026a) 0.69
. Gemini3-Pro (Google, 2025a) 0.83
annotated images

and employed several models—including Qwen2.5-VL,
Qwen3-VL, InternVL3.5, GLM4.6v-flash, Gemini3-Pro for
assessment. We then calculated the Pearson correlation
coefficients to quantify the alignment between each VLM’s
output and human judgment. As illustrated in Table 4,
Qwen3-VL-30B and InternVL3.5-38B achieved the highest
correlations among the open-source models. Consequently,
we selected InternVL3.5-38B as the reward model for RL
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Table 3. Ablation Study on DeltaBench with Qwen3-VL-30B as the evaluator.

Overall Appear. Color Counting Position Style&Tone Text Average
Method Sa T s 7T Sal SgT | Sal ST | Sal SgT | Sal SgT | Sal g7 | 8al sg71
(1) X-Omni 63.0 554 825 751|322 247|412 336|785 713|758 680|618 543
(2) X-Omni-FocusDiff 68.7 65.3 909 89.0 | 57.8 54.0 | 58.5 46.0 | 88.7 85.7 | 921 90.8 | 76.1 71.8
(3) w/o Group Expanding 66.5 62.2 892 86.8 | 554 49.1 | 542 405|863 815|894 873|735 679
(4) w/o GT Image 67.4 63.9 89.8 879|577 522|571 432|876 837|910 89.1 | 751 70.0
(5) Vanilla GRPO 66.2 61.5 889 854|521 458|514 386|854 80.1|875 846|719 66.0
(6) w/o FocusDiff-Data | 63.8 56.2 83.1 758|335 252|421 340|792 721|765 692|630 554

Figure 5. (a) Evaluation on GenEval with FPR overall score and original overall score. (b) Evaluation on DeltaBench when extending the
number of images sampled per prompt from 2 to 8. (c) Reward trend for vanilla GRPO training and Pair-GRPO training.

A giant hamburger A photo of a . A steak, cut
airs fo eat a Sﬂs\,&l” purple carrot and A;‘r:zﬂ'icn':?sd:\n%; open to reveal
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. M A large trout holding a
with blueberries for A chair sits on fishin;grod and catchﬁqg a
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Figure 6. Image Generation with Counterfactual Prompts.

training, while reserving Qwen3-VL-30B for benchmark
evaluation to mitigate the risk of reward hacking.

5. Related Work

While diffusion models (Labs, 2024; Esser et al., 2024)
have long dominated visual generation, the autoregressive
(AR) paradigm has recently surged in prominence, extend-
ing the scalability of Large Language Models to the vi-

sual domain (Google, 2025b; OpenAl, 2024). These ap-
proaches (Geng et al., 2025; Team, 2026b; Pan et al., 2024;
2025b; 2026b; Team, 2026b; Chen et al., 2025b) typically
encode images into discrete tokens via a visual encoder
such as SigLIP (Tschannen et al., 2025), formulating gen-
eration as a next-token prediction task. And the predicted
tokens are subsequently decoded back into images via a VQ-
VAE (Esser et al., 2021) generator or a diffusion decoder.
Notably, AR is inherently amenable to reinforcement learn-
ing (Wang et al., 2025a), satisfying optimality conditions
for policy improvement akin to LLM practices (Guo et al.,
2025; Jiang et al., 2025). Whereas prior works primarily
prioritize global semantic coherence, FocusDiff leverages
this RL potential to address the critical gap in fine-grained
text—to-image alignment, enabling precise control over vi-
sual tokens.

Regarding datasets, some recent efforts also introduce
paired-prompt datasets to assess compositional generation.
However, predecessors like Winoground-T2I (Zhu et al.,
2023) and EvoGen (Han et al., 2024) focus on major
semantic shifts and suffer from poor image consistency
due to prompt-first construction. In contrast, we propose
DeltaBench and FocusDiff-Data to target fine-grained,
localized semantics. Crucially, FocusDiff-Data lever-
ages an image-first pipeline, creating strictly aligned image
pairs that enable models to learn precise control over minute
visual tokens. See more details in Appendix B.
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6. Conclusion

In this paper, we propose DeltaBench, a benchmark re-
vealing that existing models struggle with fine-grained text-
image alignment in text-to-image generation. To bridge this
gap, we introduce FocusDIiff, a training paradigm with a
novel dataset and an improved RL algorithm, enhancing
fine-grained text-image semantic alignment by focusing on
subtle differences between similar text-image pairs. On this
basis, we develop X-Omni-FocusDiff, significantly outper-
forms most prior prominent methods on DeltaBench and
existing benchmarks.
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Appendix Overview

In this supplementary material, we present:

L]

Vanilla GRPO for Autoregressive Image Generation in
Section A.

e Compared with Prior Compositional Text-to-Image
Benchmarks and Datasets in Section B

¢ More Details on DeltaBench in Section C.

* More Details on FocusDiff-Data in Section D.
* Implementation Details in Section E.

¢ Evaluation Details in Section F.

* More Experimental Results in Section G.

A. Vanilla GRPO for Autoregressive Image
Generation.

We adopt Group Relative Policy Optimization (GRPO) as
the framework for reinforcement learning, GRPO enhances
PPO by eliminating the value function and estimating the ad-
vantages in a group-relative manner. Specifically, given the
input prompt P, the old policy 7y, first samples a group
of G individual images as the response group G = {Z}}$ .
We input each response with the group into the reward func-
tion to obtain the individual reward Rz,. We then calculate
the advantages { A; }$ |, where each A; measure the relative
quality of output compared to the average reward:

Rz, — mean ({Rzi }10:1)

A= Std({RIi,}iG:I)

@

G |yl

22

=1 j=1

Then, we update the policy network parameters by the fol-
(P,a)~D

lowing training loss:
{5i}E ~g,y (1P) [ZL 1 il (

min (pi,in7clip(pi,j, -1+ 6) ) 5DKL)>}

J(0)=E
3

7TrEf

where Dy = —log —11is the the KL divergence to

_mo(Wi gl Pyi<i)
: o T0a (W3,3 1P i,<5)
the ratio between probabilities of 7 and 7y, for outputting

current token. As for reward calculation, the overall design
philosophy of our reward model is to leverage QA-based
visual comprehension models (e.g., InternVL3.5 Wang et al.,
2025b), which will return a consistency score from 0 to 1for
each text-image pair, to assess the semantic accuracy of the
generated image.

Tref
s

maintain training stability. And p; ; = is
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B. Compared with Prior Compositional
Text-to-Image Benchmarks and Datasets

Some recent efforts have also introduce paired-prompt
datasets to assess compositional generation. For exam-
ple, Winoground-T2I (Zhu et al., 2023) is a compositional
evaluation benchmark where each case has paired prompts,
while EvoGen (Han et al., 2024) is dedicated to construct-
ing contrastive pairs for training. While these approaches
share some similarities with ours, our method differs in
several fundamental aspects. To elucidate the essential
distinctions between our work and existing paired-prompt
datasets, we select Winoground-T2I and EvoGen as repre-
sentative baselines. Specifically, we compare DeltaBench
against Winoground-T2I, and FocusDiff-Data against
EvoGen.

B.1. Compare DeltaBench and Winoground-T2I

Though both benchmarks feature test cases of paired
prompts that appear similar, they differ in design motivation.

The contrastive pairs in Winoground-T2I are specifically
designed for compositional evaluation. While there may
only be a difference of one or two words between the two
prompts, the main semantic meaning of the prompts is dif-
ferent, leading to the target images with a drastic variation.
Here are two typical examples:

* “Real police officer with real police car” vs.
police officer with toy police car”.

“Toy

* “A boy jumping towards the fence and the river” vs. “A
boy jumping away from the fence and the river”.

As shown, the distinguishing words between the prompts are
modifiers of the core subject’s semantics. The difference be-
tween “toy” and “real” determines overall style of the main
scene, and the difference between “towards” and “away”
dictates the subject’s positional orientation. Consequently,
the resulting target images are vastly different, which allows
Winoground-T2I to evaluate whether the model has learned
the semantics of these core modifying words.

In contrast, DeltaBench not only builds upon the composi-
tional evaluation, but also assesses whether the images gen-
erated by the model attend to fine-grained semantic details
that are often overlooked beyond the primary semantics of a
prompt. For instance, consider the following two prompts:

* “A man in a blue jacket with buttons holds a coffee cup
in a park.” vs. “A man in a blue jacket with a zipper
holds a coffee cup in a park.”

* “A sunny breakfast table with pancakes and coffee; in
the soft-focus background, a small medicine bottle on
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Adog is to the
left of a pig.

A pig is to the

A dog chases a girl. A girl chases a dog. left of a dog.

(a) Data examples in EvoGen

A person wearing a dark blue top and

Jjeans walks down t itha
dollar bill in his |z X

The bow of a cargo vessel rises above

the sea ul ight, with a
seagull ol

¢ near it.

A table filled with food, such as a pepperoni
pizza,a P ith vegetables, fries
with a m/ amount of ketchup,

and fried bites served in a bowl.

A desk with a desktop computer, a
/m coffee cup, and yellow

and pink sticky notes.

(b) Data examples in FocusDiff-Data

Figure 7. We present some typical data examples in
EvoGen and FocusDiff-Data. Compared to EvoGen,
FocusDiff-Data not only builds upon compositional learn-
ing of relational terms, but also emphasizes fine-grained semantic
details that are often overlooked beyond the primary semantics.

the counter has a label that reads "EXP 2026” in
tiny grey font.” vs. “A sunny breakfast table with
pancakes and coffee; in the soft-focus background, a
small medicine bottle on the counter has a label that
reads "EXP 2028 in tiny grey font.”

The core semantic content of both prompts is largely iden-
tical, depicting a man in a blue jacket holding a coffee cup
in a park. However, a subtle, fine-grained difference exists
concerning whether the jacket is fastened with buttons or a
zipper. Thus, DeltaBench requires models to generate the
correct subject semantics while also attending to these sub-
tle details and correctly generating these easily overlooked
aspects.

B.2. Compare FocusDiff-Data and EvoGen

Although both FocusDiff-Data and EvoGen appear
dedicated to constructing contrastive pairs, they differ in the
following fundamental aspects, with the qualitative compar-
isons shown in Figure 7.

Motivations and Design Purpose. The contrastive pairs
utilized in EvoGen are primarily designed to permute the
core attributes or relational states of entities to facilitate
compositional learning. Typical instances involve swapping
the subject and object while preserving the predicate, as
demonstrated by examples such as:
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* “A girl chases a dog” vs. “A dog chases a girl.”

* “A dog is to the left of a pig” vs. “A pig is to the left of
adog.”

These pairs effectively compel a model to acquire the seman-
tics of relational terms, such as ’chase” and "’left”, which are
pivotal to the overall meaning of a text prompt. Although
prompts like A girl chases a dog” and ”A dog chases a
girl” only differ in word order, their core semantic roles are
reversed, resulting in corresponding ground-truth images
that depict clearly distinct visual narratives.

In contrast, FocusDiff-Data not only builds upon the
compositional learning of relational terms, but also empha-
sizes fine-grained semantic details that are often overlooked
beyond the primary semantics of a prompt. For instance,
consider the following two prompts:

* “A tennis player in a white outfit holding a racket and a
tennis ball, with the ball in her hand.”

* “A tennis player in a white outfit holding a racket and a
tennis ball, with the ball in the air”

The core semantic content of both prompts is largely iden-
tical, depicting a tennis player engaged in playing tennis.
However, a subtle, fine-grained difference exists concern-
ing whether the ball is still in the hand or has been tossed
into the air. As the capabilities of generative models con-
tinue to advance, it becomes increasingly crucial to capture
and control subtle details within the prompts for generat-
ing images, especially the minor details beyond the core
semantics, which is a key motivation for the design of our
FocusDiff-Data.

In summary, EvoGen aims for the model to learn the com-
positional semantics, such as relational terms, which con-
stitute the core semantics of the prompt. While FocusDiff
builds upon this by also encouraging the model to attend to
minor, easily overlooked details beyond the core semantics,
thus ensuring the generated image perfectly aligns with the
prompt’s requirements.

Construction Pipeline and Data Characteris-
tics. Driven by divergent goals, EvoGen and
FocusDiff-Data adopt fundamentally different

data-construction pipelines, which in turn shape the distinct
characteristics of their respective contrastive pair data.

As EvoGen is designed for the compositional learning
of core semantics—such as entity attributes or relational
states—Ilocal consistency (e.g., subject identity, background
details) is therefore irrelevant for its training objective. The
sole requirement is that the two generated images faithfully
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render the core semantic contrast encoded in the paired
prompts.

Consequently, EvoGen follows a prompt-first paradigm.
The process begins by engineering semantically contrasting
prompt pairs and then synthesizing the corresponding im-
ages using generative models (e.g., SD3). However, it often
results in poor consistency between the two images in a pair,
such as the background and subject IP attributes.

In contrast, FocusDiff targets the control of fine-grained
semantics, thus necessitating the model to infer how subtle
changes in textual tokens lead to specific, minute changes
in the visual images. This demands near-identical images
whose only deviations are localized and subtle.

We therefore implement an image-first pipeline. We collect
numerous pairs from existing image editing datasets featur-
ing before-and-after-editing images that only exhibit local-
ized, subtle differences. We then generate style-consistent
captions for these pairs with differing words to highlight the
subtle image differences.

In summary, EvoGen employs a prompt-first pipeline, re-
sulting in significant inconsistencies between the two images
within a pair. In contrast, FocusDiff-Data utilizes an
image-first pipeline, where the two images within a pair only
exhibit localized, subtle differences with strong consistency.

C. More Details on DeltaBench

Each test case in DeltaBench contains two similar prompts
with subtle differences. The two prompts exhibit word-
level differences that lead to distinctions in six types of fine-
grained semantic aspects: (1) Overall appearance difference;
(2) Color difference; (3) Counting difference; (4) Position
difference; (5) Style & Tone difference; (6) Text difference.
Next, we will provide a detailed explanation of these types.

e Color: The prompt pair shares the exact same subject
and background description, differing only in the color
adjective assigned to a specific object. For example, a
status LED is described as “green” in the first prompt
versus “amber” in the second, while the rest of the
server room context remains frozen.

Position: The two prompts maintain the same set of
objects and scene layout. The variation is strictly lim-
ited to the preposition or directional phrase describing
the relative orientation of a specific item. For instance,
a pencil eraser is pointing “toward” the corner versus
“away from” the corner, without altering the position
of the desk or blueprints.

» Text: The visual content and composition of the scene
are anchored. The only difference lies in the specific
quote or numeric sequence displayed on a text-bearing
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Figure 8. The pipeline for constructing FocusDiff-Data.

surface. For example, a medicine label in corner reads
“EXP 2026” in one version and “EXP 2028 in the
other, preserving the label’s font, size, and placement.

 Style & Tone: Instead of altering the global semantic
content, this category focuses on swapping specific
adjectives that control local artistic effects or atmo-
sphere. For example, background bokeh is described
with “hexagonal” edges versus “circular” edges, while
the foreground subject and action remain strictly in-
variant.

Counting: The prompts are duplicates except for a
single numerical adjective modifying a specific object
class. This tests the model’s ability to adjust the quan-
tity (e.g., “two” paperclips vs. “three” paperclips) lo-
cally, without hallucinating changes to the surrounding
clutter or the object’s type.

Overall-appearance: The subject’s identity and cate-
gory remain unchanged. The difference is confined to
an adjective or phrase describing a fine-grained phys-
ical detail or texture. For instance, a tile surface is
described as having a “tiny hairline crack” versus be-
ing “perfectly smooth,” ensuring the kitchen context
itself is not re-imagined.

D. More Details on FocusDiff-Data

In this section, we give more details on how to construct
FocusDiff-Data from the image editing dataset (Wang
et al., 2025¢c; Ye et al., 2025), with the pipeline shown in
Figure 8. In the first step, we conduct data cleaning on the
raw data to retain only high-quality samples. Using the
InternVL3.5-38B model (Wang et al., 2025b), providing
it with the before-after-editing images and the editing in-
struction, we evaluate three key aspects with the following
prompts: (1) whether the edited image follows the editing
instructions; (2) whether the non-edited areas of the edited
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image remain consistent with the original image; and (3)
whether the overall quality and natural appearance of the
edited image are acceptable. We filter out any pairs that fail
to meet these criteria.

Subsequently, we input the pair of before-and-after im-
ages along with the editing instructions into InternVL3.5-
38B (Wang et al., 2025b). We prompt it to generate a pair of
captions for the images that share a similar stylistic structure
but differ only in individual words, thereby highlighting the
differences between the images.

After generating the captions (P;,P;) for the images
(Z1,Z5), we conduct a post-verification operation with three
conditions: (1) Using the Qwen3 model (Yang et al., 2025),
we assess whether P; and P> exhibit similar semantic struc-
tures; (2) Using the InternVL3.5-38B model (Wang et al.,
2025b), we verify whether P; and Z;, as well as Py and
T, were semantically aligned. (3) We further leverage
InternVL3.5-38B to ensure that P; and Zo, as well as Py and
T, are not semantically aligned. If all of three conditions
are satisfied, the sample is deemed valid and included in
our training dataset. Otherwise, we request the InternVL3.5-
38B to regenerate captions for the two images and conduct
the post-verification again. If the post-verification still fails,
the image pair is then discarded. Finally, we retained ap-
proximately 500, 000 high-quality data pairs.

E. Implementation Details

Supervised Fine-Tuning. We first leverage
FocusDiff-Data to conduct text-to-image super-
vised fine-tuning on X-Omni (Geng et al., 2025). The
objective function is p(y) = + > 7, log Po(yily<i, T),
where y is the visual token of an image with S as the
sequence length, 7 is the text condition.

Reward Calculation. The overall design philosophy of
our reward model is to leverage QA-based visual compre-
hension models (Chen et al., 2024; Liu et al., 2024; Bai et al.,
2025b). Specifically, we employ InternVL3.5-38B (Wang
et al., 2025b) to provide appropriate incentives, returning a
consistency score Rz € [0, 1] for each text-image pair. For
each text-image pair, we query the reward model with multi-
ple “yes or no” questions regarding semantic alignment and
minute-detail consistency. The global question evaluates
text-image semantic overall alignment using the prompt:
“Does this image match the description? Please directly
respond with yes or no”. Subsequently, we decompose the
prompt into semantic tuples (e.g., attributes and spatial re-
lations) and generate yes-or-no sub-questions, including
specific inquiries addressing the fine-grained differences
between paired prompts, to evaluate whether the image cor-
responding to the first prompt within a group aligns solely
with the first prompt—and not the second—regarding the
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differing fine-grained semantics.

We record the probability of the model responding with
“Yes” as Pyes and “No” as P,,, calculating the reward score
as S(Z,P) = Pyes/(Pyes + Pno). In summary, the reward
computation essentially entails the MLLMs performing a
VQA task for the prompt and generated image to return
a score between 0 and 1 for each question, with the final
reward obtained by averaging the MLLM evaluations across
multiple questions for a prompt.

Reinforcement Learning. Our proposed Pair-GRPO is an
improved version of GRPO, with training prompts sourced
from FocusDiff-Data. We set the G = 12, first ex-
panding the group size from 12 to 24. There is a probability
p that the group size may further increase to 28, as we in-
troduce ground-truth images corresponding to prompt pairs
from FocusDiff-Data and pair them with the prompts.
The probability p is dynamic, decreasing from 1.0 at the
start of training to 0.0 by the end.

During RL training, we employ the fine-tuned X-Omni as
the backbone model. We freeze the tokenizer (including
a SigLIP encoder and a diffusion decoder) while keeping
all other parameters tunable. We conduct a total of 3,000
iterations of post-training optimization. To enhance training
stability, we identify the learning rate as a crucial hyper-
parameter: an excessively small learning rate results in
insignificant performance gains, while an overly large one
leads to unstable training. To address this, we design a com-
bined Linear-Cosine learning rate scheduler. The learning
rate linearly drops from a peak value to a lower “convert
learning rate” at a “convert step”, and then gradually de-
creases along a cosine curve. However, we still encounter
some instability during training, indicated by a downward
trend in the reward curve. To address this, we adopt the
following measures:

(1) when the reward curve drops sharply, we reduce the
learning rate to half or two-thirds of its current value and
resume training;

(2) when the reward curve declines gradually, implying that
the KL divergence constraint with a less capable reference
model limits model improvement, we update the reference
model to the current model and resume training.

F. Evaluation Details

Baseline. We compare X-Omni-FocusDiff against two
primary categories of models: diffusion methods, and AR-
based methods. The diffusion baselines include SD3 (Esser
et al., 2024), FLUX.1-dev (Labs, 2024), Sana-1.5 (Xie
et al., 2025a), Flow-GRPO (Liu et al., 2025), Lumina-Image
2.0 (Qin et al., 2025), HiDream-I1-Full (Cai et al., 2025b),
Hunyuanlmage-2.1 (Team, 2025), Qwen-Image (Wu et al.,
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Figure 9. More qualitative Comparisons between X-Omni-FocusDiff and X-Omni on similar prompts.

2025b), Z-Image (Cai et al., 2025a), and FLUX.2-dev (Labs,
2025). Notably, FLUX.2 Deyv is a 32B large DiT (Peebles
& Xie, 2023) model with another 24B model (AI, 2025) for
text encoding. And Qwen-Image is a 20B DiT model with
another 7B model (Bai et al., 2025b) for text encoding.

The AR-based baselines include SEED-X (Ge et al., 2024),
Show-02 (Xie et al., 2025b), Emu3 (Wang et al., 2024),
BLIP-30 (Chen et al., 2025a), OmniGen2 (Wu et al.,
2025c¢), Bagel-Think (Deng et al., 2025), Janus-Pro (Chen
et al., 2025b), Lumina-mGPT 2.0 (Xin et al., 2025), T2I-
R1 (Jiang et al., 2025), X-Omni (Geng et al., 2025), GLM-
Image (Team, 2026b). Among them, Emu3, Lumina-mGPT
2.0, Janus-Pro, and T2I-R1 operate as purely AR meth-
ods where discrete tokens are derived via VQVAE (Esser
et al., 2021) encoding without the integration of diffusion
models; in contrast, SEED-X, Show-02, BLIP-30, Omni-
Gen2, Bagel-Think, X-Omni, and GLM-Image combine
AR and diffusion paradigms, utilizing autoregressive in-
ference to generate the requisite discrete tokens which are
subsequently rendered into images by a diffusion model.
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DeltaBench. In DeltaBench, we leverage Qwen3-VL-
30B (Bai et al., 2025a) as the primary evaluation model.
For each image-prompt pair, we query the VLM with bi-
nary (Yes/No) questions to assess both global alignment
and minute-detail consistency. The first binary questions
evaluates global semantics using the prompt: “Does this
image match the description? Please directly respond with
yes or no.” Subsequently, we employ two specific ques-
tions referring to the fine-grained differences between paired
prompts, ensuring that the image generated from 7 aligns
strictly with 7! rather than 72. For instance, given a sce-
nario where 7' = “A professional chef in a bright, bustling
kitchen plating a gourmet steak, with a crack on the white
tiles in the far upper-left corner of the backsplash” and
T2 “A professional chef in a bright, bustling kitchen
plating a gourmet steak, with perfectly smooth white tiles
in the far upper-left corner of the backsplash”, to evaluate
the semantic alignment of the images generated from 7!,
one specific question is “Is there a crack on the white tiles
in the far upper-left corner of the backsplash? Please di-
rectly respond with yes or no. If the mentioned attribute is
irrelevant to the image content, please answer no” while
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Figure 10. Qualitative examples of X-Omni-FocusDiff on similar
prompts in DeltaBench.

another specific question is “Are the white tiles in the far
upper-left corner of the backsplash not perfectly smooth?
Please directly respond with yes or no. If the mentioned
attribute is irrelevant to the image content, please answer
no”. We denote the binary question evaluating global se-
mantics as ()1 and the two specific questions as ()2 and
@s. For each question ()i, we record the probability of
the model responding “yes” (denoted Py%s’“) and “no” (de-

noted Pr,(“g *), calculating the semantic consistency score as

Q1 Q2 Q3
2P, P2 P
S(Z,T)=1 o b e
T.T) =14 P +Pet | P22+ RB4RTS

Following this evaluation strategy, we require the text-
to-image model to generate two images for each prompt.
Therefore, for a pair of similar prompts (7;, T72), we ob-
tain four generated images (13’1,7;1’2, i’l,If’z). We
then compute the semantic consistency scores for each
image with respect to its corresponding prompt: sz 1

11 1y 1,2 1,2 1y 2,1 2,1 72
S(Zi,T7)s s ST T), si = S To)s
s2% = S(Z7? T?). The arithmetic mean score is cal-
. _ 1 N 11 1,2 2,1 2,2

culated as: s, = g7 > ;oq(8; + 877 + 577 + 55
and the geometric mean score is calculated as: s, =
+ i‘/s;’l . 511,2 . s?’l . 5122 The score of the geometric

(arithmetic) mean for “Average” is obtained by averaging
the geometric (arithmetic) mean scores of the six sub-tasks.
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Existing Benchmarks. Furthermore, we also conduct
zero-shot evaluation on 3 existing text-to-image bench-
marks:  GenEval (Ghosh et al., 2023), LongText-
Bench (Geng et al., 2025), and DPG-Bench (Hu et al.,
2024). GenEval contains 6 different subtasks of vary-
ing difficulty requiring various compositional skills, in-
cluding single object (Single Obj.), two objects
(Two Obj.), counting, colors, position, color
binding (Color Attr.). And we adopt the metric proposed
by (Ghosh et al., 2023) for evaluation. Each subtask is
scored independently, and the overall score is calculated as
the average of all six subtask scores. The LongText-Bench
is a benchmark designed to evaluate the capability of text-
to-image models in accurately rendering long and complex
text sequences within generated images. While for DPG-
Bench, we follow the metrics proposed in (Hu et al., 2024)
to conduct evaluation.

G. More Experimental Results

Figures 9 presents a qualitative comparison between X-
Omni-FocusDiff and X-Omni using similar prompts that dif-
fer only in fine-grained semantics. It is evident that X-Omni
struggles to precisely adhere to fine-grained constraints, of-
ten generating images that deviate significantly from the
prompt requirements. In contrast, our X-Omni-FocusDiff
consistently generates high-quality images that faithfully
meet these specifications.

Figure 10 presents detailed qualitative examples of X-Omni-
FocusDiff on DeltaBench, highlighting a key strength of
our model: beyond aligning with the primary subject se-
mantics, it demonstrates precise control over intricate, off-
center details. Whether handling the specific geometry of
background bokeh, text on a peripheral bottle label, or the
color of minute distant lights, our model satisfies these
fine-grained constraints with remarkable accuracy. Notably,
these target elements are situated in inconspicuous loca-
tions—such as backgrounds or corners—or are extremely
small in scale, distinct from the main objects in the image.
The rigorous mastery of such subtle features provides in-
tuitive evidence of our method’s exceptional fine-grained
controllability, ensuring the generated images are strictly
faithful to the prompt requirements. In the future, we aim
to extend our approach through further exploration to el-
evate image generation models to the next level of intelli-
gence (Wu et al., 2026; Niu et al., 2025; Qiu et al., 2026; Pan
et al., 2025a). Furthermore, we plan to apply this method
to broader scenarios, including video generation (Wu et al.,
2025a; Pan et al., 2026a; Lin et al., 2025; Wan et al., 2025)
and and other diverse applications (Zhang et al., 2026; Bu
et al., 2025; Jiang et al., 2026).



