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ABSTRACT

Recent studies extend the autoregression paradigm to text-to-image generation,
achieving performance comparable to diffusion models. However, our new Pair-
Comp benchmark — featuring test cases of paired prompts with similar syntax
but different fine-grained semantics — reveals that existing models struggle with
fine-grained text-image alignment, thus failing to realize precise control over vi-
sual tokens. To address this, we propose FocusDiff, which enhances fine-grained
text-image semantic alignment by focusing on subtle differences between similar
text-image pairs. We construct a new dataset of paired texts and images with similar
overall expressions but distinct local semantics, further introducing an improved
GRPO-based algorithm to emphasize such fine-grained semantic differences for
desired image generation. Our approach achieves superior performance on existing
text-to-image benchmarks than many industry-leading models and also outperforms
most prior prominent methods on PairComp. Anonymous Project: |this link.

1 INTRODUCTION

Witnessing the scalability of autoregression (AR) in large language models (LLMs OpenAlL [2023),
recent studies have extended the AR paradigm to text-to-image generation, achieving performance
comparable to diffusion models (Labs, 2024)). Some work (Wang et al., 2024; |Chen et al., 2025b)
encodes images into discrete tokens and transforms image generation into a next-token-prediction task.
Additionally, some studies (Deng et al., [2025; [Wu et al., [2025b)) further explore hybrid approaches
that integrate AR with diffusion to harness the strengths of both.

Despite extensive vision-language alignment, existing models that incorporate the AR paradigm still
struggle with precise control over images based on text conditions. To elucidate this problem, we
first introduce the PairComp benchmark. Unlike typical text-to-image benchmarks (Ghosh et al.,
2023)) with a single prompt per test case, each case in PairComp consists of two prompts with similar
syntactic but fine-grained semantic differences due to word-level distinctions. For each prompt pair,
we instruct text-to-image models to generate the image pairs and evaluate the text-image consistency
scores (s!,52). We then calculate the arithmetic mean score as s, = (s* + s2)/2, and the geometric

mean score as s; = vV sl % g2

Ideally, models should precisely distinguish the semantic nuances between prompts and accurately
generate the corresponding images. However, even for the SOTA AR-related model (Chen et al.|
2025b; [Wang et al.l[2024), the geometric mean in PairComp is significantly lower than the arithmetic
mean (Figure[I]a). Considering that the geometric mean is highly sensitive to lower values, the results
indicate the instability control over fine-grained visual generation. The examples in Figure[I]b further
illustrate the inability to accurately control details such as color and spatial relationship. We argue
that this problem lies in the lack of fine-grained text-image semantic alignment. Image—text alignment
training does not provide fine-grained annotations that specify which part of a sentence corresponds
to which region in an image. Moreover, images often contain irrelevant low-level semantics not
mentioned in the text (Ge et al., [2023)), which further introduces erroneous biases in fine-grained
semantics, leading some text tokens to form incorrect alignments with certain visual details.

Thus, a crucial question emerges: How can we achieve robust fine-grained text-image alignment to
enable precise control over visual semantics in AR-based text-to-image generation? Some stud-
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Figure 1: (a) geometric/arithmetic mean score in PairComp for AR-related models. (b) Examples
of Janus-Pro failing to generate images precisely aligned with the prompt. (c) The subtle sensory
differences between images or between texts result in only minor alterations to specific tokens.

ies (Yin et al., 2024} [Zhao et al.l 2024b)) in multimodal comprehension leverage contrastive learning
to build extra constraints for intra-sequence fine-grained token embedding alignment. However, they
undermine the core design philosophy of the decoder-only AR — the causal dependency of tokens,
failing to fully leverage the successful infrastructure of LLMs. We aim to find an elegant solution for
fine-grained text-image alignment without altering the original AR-based training paradigm.

We introduce FocusDiff, a method that enhances fine-grained text-image semantic alignment by learn-
ing from the differences between similar text-image pairs, without disrupting the original AR-based
training paradigm. Specifically, from the data perspective, we introduce FocusDiff-Data,
expanding the training case from a single text-image pair {(7,Z)} into a set of two pairs
{(TY, 7%, 7T2,7%)}. Here, T and T2, as well as Z' and Z?, appear similar in overall expres-
sion but differ in fine-grained details, with T! being consistent with 7 L but not with Z2, and vice
versa. As shown in Figure[T]c, the subtle sensory differences between images or between texts result
in only minor alterations to specific visual or textual tokens. Therefore, by comparing the token
differences between these pairs, Multimodal Large Language Model (MLLM) can trace how changes
in text tokens lead to specific changes in visual tokens, establishing fine-grained semantic associations
between the two modalities.

From the training perspective, we introduce Pair-GRPO, a reinforcement learning (RL) method that
guides the model in learning fine-grained semantic differences through an exploration-exploitation
trade-off. We formulate image generation as a Markov decision process and extend the Group Relative
Policy Optimization (GRPO) framework (Shao et al.| 2024) to visual generation with a QA-based
reward model, which eliminates the value function and estimates advantages in a group-relative
manner. We make 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: Unlike vanilla GRPO, which encourages
fully autonomous exploration without ground-truth images, we provide ground-truth images from
FocusDiff-Data during early training to enhance exploration and guide the model to better grasp
fine-grained semantic differences. As training progresses, we gradually reduce the reliance on these
ground-truth images, transitioning from exploitation-first to exploration-first.

Thanks to our novel training data and training strategy, with Janus-Pro as the backbone, we realize
better fine-grained text-image semantic alignments and achieve precise control over visual semantics
during text-to-image generation. Our main contributions are threefold:

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

» We propose FocusDiff, a paired text-image dataset with an improved GRPO-based training
paradigm, focusing 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 PairComp.
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Figure 2: Statistical information of PairComp and test case examples for each subtask.

2 BENCHMARK: PAIRCOMP

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 PairComp. Each test case in PairComp contains two similar prompts with
subtle differences. By comparing the accuracy of the images generated by the model for each prompt,
we evaluate whether the model has focused on the fine-grained semantic differences in the prompts
to produce the corresponding correct images. The two prompts in a test case exhibit word-level
differences leading to noticeable distinctions in certain fine-grained semantic aspects, which can be
categorized into six types: (1) Overall appearance; (2) Color; (3) Counting; (4) Position; (5) Style &
Tone; (6) Text. In Figure |2} we present examples of each category. See more details in Appendix

Evaluation Protocols. We use InternVL2.5-26B (Chen et al., [2024) as the primary evaluation
model to assess the semantic alignment between the generated images and the prompts. Specifically,
for each image-prompt pair, we query the model with “Does this image match the description? Please
directly respond with yes or no.” We record the probability of the model responding with “yes” (“no”)
as Pyes (Pro). And the semantic alignment score is calculated as S (Z,7) = Pyes / (Pypg + Po).

On this basis, given a subtask {(7*,72")}, for each prompt pair, we instruct a text-to-image model
to generate corresponding images {{(7"%, Z," )}, {(T%*, ;") 12, } Y|, with each prompt gen-

erating K = 2 images. We define si’ =S5 (l',f;’z7 T7+%), introduce two evaluation metrics: arithmetic

mean s, = ﬁ Zf\il Z?Zl 22:1 siz , and geometric mean s, = % vazl Y H?:1 Hizl 5?@1
Here, s, measures the overall semantic alignment of the generated images with the prompts, while
s4 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, where j = 0 or 1 and i € [1, N], with N being the total
number of test cases in the task. Similarly, I,{Z means the k-th image generated for the j-th prompt in
i-th test case, where k € [1, K| with K being the total number of images generated for one prompt.

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, expanding the training dataset from a single text-
image pair to a set of two pairs. From the training perspective, we further propose Pair-GRPO, an
improved RL framework that guides the model to better focus on fine-grained semantic differences.

3.1 DATA PERSPECTIVE: FocUSDIFF-DATA

Traditional text-to-image training data comprises isolated text-image pairs lacking explicit connec-
tions. While ensuring global alignment, it often fails to achieve fine-grained alignment without
detailed annotations indicating which portion of a sentence aligns with which region of an image. As
images often contain low-level information not mentioned in the text; even when the text does offer
fine-grained descriptions of the image, this “redundant” information can act as a confounder, mislead-
ing the model about which visual region should truly correspond to each fine-grained description.

To address this issue, we turn to differential learning, which expands a single text-image pair {(7,7)}
into two pairs {(7%,Z%, 72,Z%)}. While 7! and 72, as well as Z* and Z?, are similar in overall
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Figure 3: Examples of training data in FocusDiff-Data.

expression and global semantics, they differ in fine-grained details. Consequently, 7 is semantically
aligned with 7 I but not with Z2, and vice versa. In an AR framework such as Janus-Pro, with text
and images represented as tokens, only a few token-level differences exist between 7! and 72, as
well as between Z! and Z2. Then, the model is able to deduce how changes in text tokens lead to
specific changes in visual tokens, allowing it to focus on subtle differences between texts and images,
which ultimately enhances fine-grained text-image semantic alignment.

To obtain such paired data, especially pairs of similar images, we turn to image editing datasets (Yu
et al.;|2024; Zhao et al., [2024a), which involve before-and-after-editing image pairs in which only
localized regions are modified. We collect numerous image pairs, covering a diverse range of
editing types to reflect differences in various attributes. And then we can employ a powerful visual
comprehension model to generate style-similar captions for each pair.

Specifically, given the subpar quality of existing image editing datasets, we perform an initial
screening to assess three key aspects for each case: (1) editing instructions following, (2) non-edited
areas preserving, and (3) natural appearance. After eliminating substandard samples, we input the
before-and-after image pair and the editing instruction into InternVL2.5-26B, 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!,Z?), we then perform a post-verification
to ensure three conditions: (1) 7' and 72 exhibit similar semantic structures; (2) 7! is semantically
aligned with Z', and 72 with Z?%; (3) T is not semantically aligned with Z2, nor 72 with Z*. If any
condition is violated, we leverage InternVL2.5-26B to regenerate captions and re-verify.

Ultimately, we retained around 200, 000 high-quality data pairs. Randomly selected examples from
FocusDiff-Data are visualised in Fig.[3] where the images and their corresponding prompts
exhibit only region-level or word-level differences. See more details in Appendix [C|

3.2 TRAINING PERSPECTIVE: PAIR-GRPO

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

Vanilla GRPO with QA-based Reward. We aim to adopt GRPO as the framework for reinforce-
ment learning, which enhances Proximal Policy Optimization (PPO) by eliminating the value function
and estimating the advantages in a group-relative manner. Specifically, for a specific prompt, the old
policy first samples a group of G individual images as the response group G = {I,%}gzl. We input
each response within the group into the reward function to obtain the individual reward Rz, , with
7, —mean ({Rzk }5:1)

std({Rz, }E, )
average reward. Then, we update the policy network parameters by the following training loss:

R. . . .
the advantages Ay = measuring the relative quality of output compared to the

G vkl
JO) =E (Ta)~D [1 Z Z (min (pk’jAk;,Clip(ka, 1—¢,1+ E)Ak) — ,BDKL)):| )

[€]
{yr o1 ~moy, (1) Zk:l |yk| k=1 j=1
)]

ol |Tk<i) i the ratio between probabilities of 7y and 7g,,, for outputting current token.

Pk.j = Toog Yk, i | T Yk, <j)
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Table 1: Main results on PairComp with InternVL2.5-26B as the evaluation model. The best results
are in bold fonts with the second best underlined.

Overall Appear. Color Counting Position Style&Tone Text Average
Method #Params | s, 1 Sg T | sal sgt | sal sgT | Sal sgb | Sal Sg1 | Sal $g17 ] 8al s471
Diffusion-Only
SD3 (Esser et al.|[2024) 8B 825 77.0 954 946 [ 740 703|719 685]894 862931 920844 BI4
FLUX.T-dev (Labs![2024) 12B 78.7 71.1 943 92.0 | 639 60.0 | 704 66.1 | 84.4 79.7 | 90.1 854 | 803 75.7
Sana-1.5 (Xie et al.|[2025) 4.8B 83.8 79.5 973 968 | 741 715 | 69.1 64.0| 927 90.1 | 824 779 | 832 80.0
Janus-Flow (Ma et al.|[2024) 1.3B 62.1 54.0 74.1 675 | 450 40.2 | 457 368 | 844 803 | 21.7 152|555 49.0
Flow-GRPO (Liu et al.|[2025) 2.5B 82.3 71.8 953 952 | 615 572|706 67.0|90.1 881 |932 92.1 | 822 79.6
Lumina-Image2.0 (Qin et al.[[2025) 2B 775 72.6 94.1 938 | 63.7 603 | 69.8 67.5|91.1 889 |59.1 499|759 722
HiDream-I1-Full (Caz et al.[[2025} 17B 829 77.8 958 950 | 712 69.1 | 71.0 67.0 | 91.3 892 | 96.9 953 | 849 822
HunyuanImage-2.1 (Team||2025) 17B 85.3 814 974 96.0 | 825 81.1 | 753 737|925 915|620 540 | 8.5 79.6
Qwen-Image (Wu et al.|[2025a} 27B 85.2 80.8 978 974 | 839 833|789 767|942 932|977 974|896 88.1
i Hybrid Model (AR + Diffusion)
Show-o (Xie et al.[[2024] 1.3B 68.5 62.2 872 850 [ 582 552452 40.6 [ 878 847 [349 268636 59.1
SEED-X (Ge et al.[[2024) 17B 83.2 79.7 955 945|649 623 |63.0 599|900 873|522 451|748 715
BLIP3-o0 (Chen et al.||2025a) 8B 834 78.7 958 942|682 657|725 692|934 914|622 536|793 755
Omni-Gen2 (Wu et al.|[2025b) 7B 80.6 75.2 946 93.6 | 659 61.8 | 71.6 68.1 | 89.7 870|924 899 | 825 794
Bagel-Think (Deng et al.|[2025) 14B 81.8 78.1 90.2 88.7 | 692 66.6 | 68.8 626 | 879 842|602 531|764 722
X-Omni-En (Geng et al.[|2025] 9.6B 78.1 724 923 91.0 | 685 66.5 | 62.7 58.1 | 858 824 | 90.5 889 | 79.7 76.6
AR-Only
LLamaGen (Sun et al.]2024] 3.1B 535 454 670 612|453 395|421 354|688 60.1 180 120]49.1 423
VILA-U (Wu et al.||2024) 7B 70.5 65.0 829 795|533 48.6 | 534 460 | 86.6 832|309 257|629 580
Emu3 (Wang et al.|[2024) 8B 73.8 66.1 87.3 850 | 604 572|551 498|859 822|485 39.1| 685 632
Infinity (Han et al.[[2024) 8B 79.5 732 93.7 92.1 | 655 621|627 575|871 830|735 682|770 727
Janus-Pro-TB (Chen et al.|2025b) 1B 75.6 69.5 89.7 87.7 | 36.1 295 | 562 502|923 904 | 37.6 28.0| 646 59.2
Janus-Pro-7B (Chen et al.|[2025b) 7B 823 75.6 95.7 94.0 | 527 47.1 | 694 639|920 887 | 60.8 532|755 704
Lumina-mGPT 2.0 (Xin et al.[[2025} 7B 71.8 64.2 86.0 825|548 51.6|538 47.1| 868 830|380 273|652 593
T2I-R1 (Jiang et al.[[2025) 7B 84.6 80.3 96.5 959 | 68.1 652|713 675|912 892|825 775|824 793
Janus-Pro-RT (Pan et al.[[2025) 7B 84.1 79.9 96.7 959 | 68.6 658 | 71.9 70.0 | 933 91.8 | 77.1 71.6 | 820 79.2
Janus-FocusDift-1B 1B 78.4 75.0 91.7 90.0 | 495 444 | 647 618 | 919 90.8 | 498 463 | 71.0 68.1
Janus-Pro-7B + SFT 7B 82.6 76.6 96.1 948 | 584 535 |71.0 654|926 896 | 648 581 | 77.6 73.0
Janus-FocusDiff-7B 7B 854 824 978 977 | 71.0 69.0 | 75.9 74.0 | 943 939 | 853 838 | 850 83.5

As for the reward model, the overall design philosophy is to leverage a QA-based visual comprehen-
sion model (i.e., InternVL2.5-26B) to provide appropriate incentives, which will return a consistency
score Rz € [0, 1] for each text-image pair. More details are provided in Appendix @

Pair-GRPO for Fine-Grained Semantic Focusing. To enhance the model’s ability to capture
subtle differences between two prompts, we extend the group concept in GRPO from images generated
by a single prompt to those generated by pairs of similar prompts. This aligns with our core idea of
comparing the outputs of similar prompt pairs. Specifically, give a pair of input prompt {7, 72}
with similar global expressions but fine-grained semantics differences, a group of 2G images {Z}}$_,
for 7' and {Z2}$_, for 7?2 are sampled from the old policy. And then {Z}}$ | and {Z2}{_, are
assigned to the same group Go = {(T1,Z})}¢_, U {(T2,Z3)}$_, for advantage calculation.

Furthermore, from the FocusDiff-Data
dataset, we could also obtain the ground-truth

. 1 ) . 1 2 c1:"a black dog”, Reference | Policy Gradient
images Z* and Z* corresponding to 7j and 7: R ( Model J Optimization
Despite the high similarity between Z' and 72, v

: : 71 : policy model () QA-based
during construction we ensure that Z' achieves e T@E -base

a favorable reward score when conditioned on ’
1

T, but achieves an unfavorable score when con- ﬂ&; m ‘ """
c}moned on 72. Thus, if we further incorporate e R o 1
7' into the group, it can assume a dual role = MET
within the group: it serves as a positive guide l ‘] : A

in {(71,Z})}¢_, indicating to the model about “awhite dog’

the correct visual semantics, and as a cautionary . :
2 F 4: The f k of Pair-GRPO.
counterexample in {(72,Z7)}<_,, warning the 1gure ¢ Hrameworic of Fair

model to avoid generating erroneous visual semantics that are commonly encountered. The same
applies to Z2.

On this basis, we introduce a dynamic probability p that starts at 1.0 and gradually de-
creases to 0.0 during RL training. At each training iteration, with probability p, we expand
the group G to include the above additional pairs from FocusDiff-Data: G = Gy +
{7, 2Y, (T, 7%),(T2,1"), (T?,1°)}. Otherwise, the group remains as G = Go. 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,
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Table 2: Main results on PairComp with Qwen2.5-VL-72B as the evaluation model. The best results
are in bold fonts with the second best underlined.
Overall Appear. Color Counting Position Style&Tone Text Average

Method #Params | s, T 541 ‘ sa T 8471 ‘ sa T 8471 ‘ sa T 8471 ‘ sa T 57T ‘ sa T sg7T ‘ sa T 547
Diffusion-Only
SD3 (Esser et al.[[2024) 8B 73.0 64.3 941 91.7[540 448500 383[86.4 794 876 818|742 66.7
FLUXT-dev (Labs|[2024) 12B 68.9 59.1 923 877 | 442 344|500 409|825 726 | 873 815|709 627
FLUX.1-dev-PrefGRPO (Wang et al.}[2025) 12B 73.0 65.1 95.1 922 | 460 388 | 524 456|842 778 | 87.6 837|731 672
Sana-1.5 (Xie et al.[[2025) 4.8B 72.8 64.2 95.1 928 | 456 37.7 | 477 36.0 | 91.8 875 | 67.1 59.5| 700 63.0
Janus-Flow (Ma et al.[[2024) 1.3B 478 30.2 66.8 501|227 121|237 74 |81.7 708 | 162 80 |432 2938
Flow-GRPO (Liu et al.|[2025} 2.5B 732 64.1 943 920 | 47.1 335|494 373|879 826 | 880 823|733 653
Lumina-Image 2.0 (Qin et al.}[2025}) 2B 66.5 555 87.3 82.1 | 398 234 | 490 368 | 89.1 837 | 465 31.8 | 63.0 522
HiDream-I1-Full (Cai et al.|2025) 17B 72.6 64.3 924 905 | 469 404 | 51.6 42.1 | 889 83.6 | 93.8 89.8 | 744 685
HunyuanImage-2.1 (Team][2025) 17B 72.2 64.3 84.1 802 | 67.0 610 | 646 540|853 821 | 458 363|698 63.0
Qwen-Image (Wu et al.||2025a) 27B 73.6 70.1 947 938 | 683 643|662 518|939 910 | 947 93.7 | 819 775
i Hybrid Model (AR+Diffusion)
Show-o (Xie et al.||2024) 1.3B 50.3 353 750 657 [3901 283238 119829 748240 148492 384
SEED-X (Ge et al.||2024) 17B 71.4 58.9 90.4 88.0 | 29.6 226 | 40.6 26.0 | 87.9 82.1 | 324 228 | 587 50.1
BLIP3-o (Chen et al.[[2025a) 8B 70.8 61.6 90.7 86.5 | 41.6 352|509 38.0|91.0 869 |487 343|656 57.1
Omni-GenZ (Wu et al.||2025b} 7B 721 62.5 91.1 86.0 | 409 325|521 446|879 816|792 715|707 63.1
Bagel-Think (Deng et al.|[2025) 14B 70.5 59.7 89.1 853|459 362 | 48.1 40.1 | 849 752 | 439 321 | 63.7 548
X-Omni-En (Geng et al.[[2025] 9.6B 67.4 59.2 86.5 788 | 365 282|457 376|824 749|797 715|664 584
AR-only
LLamaGen (Sun et al.||2024) 3.1B 331 16.6 456 3157192 96 [ 194 97 [566 388 62 1.8 [30.0 18.0
VILA-U (Wu et al.||2024} 7B 56.3 41.2 759 67.1 | 256 145|283 158|863 793 | 175 10.6 | 483 38.1
Emu3 (Wang et al.|[2024) 8B 62.5 49.3 79.0 682 | 40.8 29.7 | 379 292 | 84.1 753|303 19.1 | 558 45.1
Infinity (Han et al.|[2024) 8B 68.0 523 91.0 869 | 292 186|377 19.7 | 850 76.6 | 558 439 | 61.1 49.7
Janus-Pro-TB (Chen et al.|[2025b}) 1B 62.1 46.6 859 81.7 1205 13.1 | 363 192 |90.0 850 | 31.3 225|543 447
Janus-Pro-7B (Chen et al.|[2025b) 7B 70.0 60.6 91.0 88.6 | 293 194 |48.0 29.1|89.5 850 |538 417|636 541
Lumina-mGPT 2.0 (Xin et al.||2025) 7B 62.9 52.0 824 73.8 | 326 248|354 269|820 723|328 209|547 451
T2I-R1 (Jiang et al./[2025] 7B 73.1 65.8 947 919 | 419 326 | 512 396 | 91.3 86.8 | 704 625 | 704 632
Janus-Pro-RT (Pan et al.}[2025) 7B 722 64.2 95.0 919 | 427 34.6 | 520 43.1 | 932 87.7 | 655 569 | 70.1 63.1
Janus-FocusDiff-1B 1B 67.0 579 90.0 86.0 [ 256 20.1 [423 325[91.6 869 [ 387 314592 525
Janus-Pro-7B + SFT 7B 70.7 61.8 922 91.0 | 369 281 |525 350|900 858 |582 467|668 581
Janus-FocusDiff-7B 7B 73.8 67.5 96.2 95.0 | 462 39.7 | 60.6 534 | 941 911 | 778 714|748 69.9

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 employ the same way as vanilla GRPO to
calculate the rewards, advantages and the objective function.

4 EXPERIMENTS

We employ Janus-Pro (Chen et al., 2025b)) as the backbone, developing Janus-FocusDiff, excelling in
text-to-image generation, with improved capabilities of vision-language alignment. More details are

given in Appendix [D]and [E]
4.1 MAIN RESULTS ON PAIRCOMP

We conduct zero-shot evaluations on PairComp for our model and recent advanced diffusion-based,
AR-based and hybrid text-to-image methods. Following the evaluation protocols in § 2] we report
the arithmetic mean scores s, and geometric mean scores sy in TableE and Table@ We leverage
InternVL2.5-26B and Qwen2.5-VL-72B as the evaluators. From Table|l} we have the following key
findings of existing methods:

(1) The overall text-image alignment is satisfactory. The leading models of each baseline type —
Qwen-Image among diffusion-based models, Omni-Gen2 among hybrid models, and T2I-R1 among
AR-based models — all exhibit relatively strong arithmetic-mean scores. Especially Qwen-Image, a
27B model including a 20B DiT, ranks far ahead on the benchmark.

(2) The stability of image generation is poor, making it difficult to precisely control fine-grained
visual semantics that reflect subtle differences specified in the prompts. The gap between the
geometric mean and the arithmetic mean reflects the stability of a model’s image generation. It can
be seen that most methods (except Qwen-Image) struggle to achieve ideal geometric mean scores,
indicating poor stability in image generation. For example, the average s, of FLUX is 4.6 points lower
than its s,, and the average s, of Janus-Pro-7B is 5.1 points lower than its s,. Besides, AR-based
methods exhibit slightly lower stability in image quality compared to diffusion-based methods.

Compared to existing methods, Janus-FocusDiff-7B achieves the following advantages: (1) Im-
proved text-image alignment is achieved with higher arithmetic mean scores. After training,
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Table 3: Comparison with various leading models on GenEval, T2I-CompBench and DPG-Bench on

zero-shot text-to-image generation. The best results are in bold fonts with the second best underlined.
GenEval T2I-CompBench DPG-Bench

Method #Params | Overall}  SingObjt TwoObjt Countingt Colort Pos. T ColorAtr 1 | Colort  Shapet Texturef | Avgt
Diffusion-Only
SD3 (Esser et al.[2024) 8B 0.74 0.99 0.94 0.72 0.89 033 0.60 - - - 84.08
FLUX'T-dev (Labs![2024} 12B 0.66 0.98 0.79 0.73 0.77 0.22 0.45 - - - 83.79
Sana-1.5 (Xie et al.|[2025 4.8B 0.81 0.99 0.93 0.86 0.84 0.59 0.65 - - - 84.70
Janus-Flow (Ma et al.|[2024] 1.3B 0.63 0.97 0.59 0.45 0.83 0.53 0.42 - - - 80.09
Lumina-Image 2.0 (Qin et al.|12025} 2B 0.78 0.99 0.87 0.67 0.86 0.70 0.62 82.1 60.3 74.2 82.32
HunyuanImage-2.1 (Team]2025} 17B 0.79 0.98 0.92 0.71 0.86 0.66 0.61 76.9 59.3 743 85.15
Qwen-Image (Wu et al.||2025a) 27B 0.91 1.00 0.95 0.93 0.92 0.87 0.83 85.1 63.1 76.5 88.32
Hybrid Model (AR + Diffusion)

Show-o (Xie et al.|2024] 1.3B 0.68 0.98 0.80 0.66 0.84 031 0.50 56.0 41.0 46.0 67.48
Show-0+PARM (Guo et al.|2025b] 1.3B 0.69 0.97 0.75 0.60 0.83 0.54 0.53 75.0 56.0 66.0 -

SEED-X (Ge et al.2024] 17B 0.49 0.96 0.57 0.29 0.82 0.14 0.15 65.7 49.2 60.3 -

BLIP3-0 (Chen et al.[[2025a] 8B 0.84 - - - - - - 79.7 52.8 68.0 81.60
OmniGenZ (Wu et al.[12025b) 7B 0.80 1.00 0.95 0.64 0.88 0.55 0.76 79.6 524 70.5 83.57
Bagel (Deng et al. 2025} 14B 0.82 0.99 0.94 0.81 0.88 0.64 0.63 66.2 37.5 439 85.07
GPT-40 (OpenAlj[2024) - 0.85 0.99 0.92 0.85 0.91 0.75 0.66 - - - -

AR-Only

LLaMAGen (Sun et al.[2024] 3.1B 0.32 0.71 0.34 0.21 0.58 0.07 0.04 - - - 65.16
VILA-U (Wu et al.|[2024] 7B 0.40 0.88 0.42 0.25 0.69 0.08 0.09 56.8 433 50.1 -

Emu3 (Wang et al.|[2024] 8B 0.54 0.98 0.71 0.34 0.81 0.17 0.21 61.1 473 61.8 80.60
Infinity (Han et al.|[2024] 8B 0.73 - 0.85 - - 0.49 0.57 - - - 83.46
Janus-Pro-TB (Chen et al.{2025b} 1B 0.73 0.98 0.82 0.51 0.89 0.65 0.56 55.1 37.8 47.6 82.63
Janus-Pro-7B (Chen et al.|2025b) 7B 0.80 0.99 0.89 0.59 0.90 0.79 0.66 63.6 353 49.4 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 58.5 36.8 472 79.11
T2I-R1 (Jiang et al.|[2025] 7B 0.79 0.99 0.91 0.53 0.91 0.76 0.65 81.3 58.5 724 84.42
Janus-FocusDift-1B 1B 0.82 0.99 0.93 0.59 0.90 0.80 0.68 61.5 47.7 60.4 83.17
Janus-Pro-7B+SFT 7B 0.81 0.99 0.90 0.61 091 0.80 0.67 68.2 42.4 53.0 84.28
Janus-FocusDiff-7B 7B 0.87 0.99 0.96 0.67 0.94  0.87 0.77 832 607 743 85.31

Janus-FocusDiff achieves better global vision-language alignment, with the average performance
on PairComp outperforming the latest industry-leading models such as Hunyuanlmage-2.1, Omni-
Gen?2 and Bagel. Its performance ranks just below Qwen-Image, which leverages training data and
model parameters far exceeding ours. Compared to the backbone model Janus-Pro-7B, the average
values of s, and s, have achieved substantial improvements of 9.5 and 13.1 points, respectively.
Furthermore, when compared to T2I-R1 and Janus-Pro-R1, baseline models that similarly employ
RL based on Janus-Pro, Janus-FocusDiff also demonstrates superior performance across all sub-tasks.
(2) Enhanced Generation Stability is achieved with a significantly reduced gap between s, and s,
with only an average 1.5-point difference. This gap matches that of Qwen-Image and is far smaller
than the gap between s, and s, observed in other baseline models. This further demonstrates that our
method achieves better fine-grained text-image semantic alignment, allowing the MLLM to focus on
the subtle semantic differences in prompts for stable, high-quality image generation.

Moreover, to mitigate any potential reward hacking, we also use Qwen2.5-VL-72B as the evaluator
for PairComp. As shown in Table |Z|, with the Qwen2.5-VL as the new evaluator, the relative
performance ranking of models mostly remains unchanged. Janus-FocusDiff continues to outperform
all baselines except Qwen-Image, with the average performance on PairComp outperforming the
latest industry-leading models such as HunyuanImage-2.1, OmniGen2, and Bagel. Compared to
the backbone model Janus-Pro-7B, the average values of s, and s, have achieved substantial
improvements of 11.2 and 15.8 points, respectively. These results confirm that our evaluation
protocol is unbiased and underscore the superiority of our model.

4.2 MAIN RESULTS ON EXISTING BENCHMARKS

We further conduct zero-shot evaluation on 3 text-to-image benchmarks: GenEval (Ghosh et al.| [2023)),
T2I-CompBench (Huang et al.| 2023), and DPG-Bench (Hu et al.l 2024). The comparison against
diffusion-only, AR-only, and hybrid methods is shown in Table[3] We have following observations:

(1) In most settings, our model achieves superior performance than various leading models. For
example, on the GenEval benchmark, the overall performance of Janus-FocusDiff is even on par
with that of GPT-40. This underscores that we endow the MLLM with enhanced capability of
vision-language alignment. (2) Compared to other baselines (i.e., Show-o+PARM, T2I-R1) that also
incorporate RL into AR-related text-to-image generation, our method achieves superior performance.
For example, it consistently outperforms T2I-R1 on all of three benchmarks, highlighting the
effectiveness of our pair-GRPO. (3) Compared to the backbone model Janus-Pro-7B, our method
achieves performance improvements of 8.8% on Geneval and 55.2% on T2I-Compbench, significantly
enhancing the capabilities of base model with strong effectiveness.
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Figure 5: Qualitative Comparisons between Janus-Pro-7B and our Janus-FocusDiff-7B on pairs of
similar prompts. For each prompt, we ask each model to generate two images.

4.3 QUALITATIVE EXAMPLES

Image Generation with Similar Prompt Pairs. Figure[5|and Figure[9]in Appendix present a direct
qualitative comparison between Janus-FocusDiff-7B and Janus-Pro-7B on pairs of similar prompts
with fine-grained semantic differences. For each prompt, we ask each model to generate two images.
We can see that Janus-Pro-7B struggles to precisely control the fine-grained requirements of similar
prompts. Moreover, even for the same prompt, the generated images are not consistently aligned
with the target semantics. In contrast, our Janus-FocusDiff-7B is capable of accurately capturing
the fine-grained semantic differences between prompts to generate corresponding images and stably
produces high-quality images that meet the specified requirements.

Image Generation with Counterfactual Prompts. Endowing our model with fine-grained control
over visual details, it can further generate images that more accurately match counterfactual prompts
that are rarely found in the real world, as shown in Figure[6] For example, given the prompt “square
watermelon”, Janus-Pro-7B still generates a round one. In contrast, our Janus-FocusDiff successfully
generates a watermelon with this counterfactual shape. This indicates that we effectively mitigate the
issue of hallucination generation, eliminating the erroneous bias toward the training distribution.

4.4 IN-DEPTH ANALYSIS Table 4: Ablation Study on GenEval &PairComp.

GenEval | PairComp-Overall PairComp-Avg

Ivi - Methods Overallt | s, T Sq T Sq T s, T

Effe_Ct of Inleld!lal Components. To in T Janus-Pro-7B 080 823 756 755 704
vestigate the effectiveness of each component, 2 Janus-FocusDiff-78 087 |854 824 850 835
. . . 3 w/o Group Expanding 0.84 84.6 79.8 83.0 79.8

we trained the following ablation models: (1) 4 wioGT Image 085 |849 813 841 820
0 . 5 Vanilla GRPO 0.83 83.6 77.6 80.7 76.6

w/o Group Expanding: The group concept 05 iriersaat om (527 760 770 719

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[d] Pair-GRPO consistently outperforms other ablated algorithms on both
Geneval and PairComp. Moreover, as shown in Rows5-6, the performance obtained from training
with Focusdiff-Data outperforms that with commonly-used prompts. This indicates that both
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Figure 7: (a) Evaluation on GenEval with FPR overall score and original overall score. (b) Evaluation
on PairComp when extending the number of images sampled per prompt from 2 to 8. (c) Reward
trend for vanilla GRPO training and Pair-GRPO training.

Pair-GRPO and FocusDi f f-Data enable the model to effectively focus on the fine-grained prompt
requirements, thereby achieving better text-image alignment.

Effect of Model Scale. To further investigate the effectiveness of FocusDiff, we employ Janus-
Pro-1B as the backbone and conduct training under the same settings. As shown in Tables [T] and
[l Janus-FocusDiff-1B demonstrates significant performance improvements compared to Janus-
Pro-1B across all four benchmarks (e.g., 20.7% on T2i-CompBench, 12.4% on PairComp), even
outperforming Janus-Pro-7B on GenEval, which further validates the effectiveness of our approach.

Stricter Evaluation on GenEval with FPR. We introduce 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 image generated for that prompt is correct. As illustrated in Figure [/[a), both
Janus-Pro-7B and Bagel exhibit a pronounced drop in FPR relative to the standard GenEval metric.
In contrast, Janus-FocusDiff-7B not only attains a substantially higher FPR than these baselines, but
also incurs a marginal decline of merely 5 points. These results demonstrate that our model achieves
both a higher success rate and superior stability in image generation.

Stricter Evaluation on PairComp with Extended Sampling. We also conduct stricter evaluation
on PairComp by gradually extending the number of images sampled per prompt from 2 to 8, with
the resulting performance trends illustrated in Figure[7(b). For Janus-Pro and Bagel, increasing the
number of sampled images leads to a significant decline in the geometric mean, indicating poor
generation stability. In contrast, for Janus-FocusDiff-7B, the geometric mean decreases only very
slightly as the number of generated samples increases. These confirm that our model consistently
generates high-quality images with enhanced generation stability.

Stability of Pair-GRPO Training As acknowledged in (Yu et all 2025}, Xiong et all, 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 stability and convergence of
training. In Figure[7|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.
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Choice of Evaluation Models. For both PairComp evalua-
tion and RL training, we choose InternVL2.5-26B as the eval- Table 5: Pearson correlation with
uator as it reliably captures fine-grained semantic alignment human evaluations for each VLM.

1 3 3 : Model Pearson-rT
between text and image. To verify this, we select 70 images VLTI B et . 2025 —
rated by human annotators and leverage Qwen2.5VL-32B/72B,  Qwen2.5VL-72B (Bai et al.| 2025) 0.79

InternVL2.5-26B (Chen et al.[|2024) 0.77

InternVL2.5-26B, LLaVA1.6-32B, GLM-4v-9B, CogVLM2- |10 08 Tive sl (Dite) 068

19B and GPT-40 for VLM evaluation. Then we report Pearson ~ GLM4v-9B (GLM etal.][2074} 0.64

. . . . CogVLM2-19B (Hong et al.|[2024) 0.72
correlation to measure the alignment with human evaluation  —Gprg{achameral 2053 T o084 —

for each VLM. As shown in Table [5} InternVL2.5-26B and
Qwen2.5-VL-72B achieve the highest correlation, with strongest ability to judge fine-grained image-
text consistency among open-source models. So we select InternVL2.5-26B and Qwen2.5-VL-72B
as our primary evaluator.

5 RELATED WORK

In recent years, diffusion models (Labs| [2024; [Esser et al., 2024)) have dominated the realm of
visual generation. However, some efforts have explored using autoregressive (AR) models (Wang
et al.} 2024} [Chen et al.,|2025b) to generate images and achieved comparable performance. These
approaches leverage an image tokenizer (Esser et al.||2021) to first encode images into discrete tokens,
followed by a decoder that generates images through next-token prediction. Going one step further,
hybrid models such as OmniGen2 (Wu et al., [2025b)), Blip3-o (Chen et al., [2025a), Bagel (Deng
et al.l [2025) have emerged, integrating AR models with diffusion techniques to exploit both the
strong reasoning capacity of AR and the high generation quality of diffusion. Furthermore, the AR
property also satisfies the optimality condition of policy improvement, which supports effective RL
post-training for visual generation (Guo et al., 2025b; Jiang et al.| [2025)), akin to the practice in
LLMs (Guo et al.,[2025a)). Nevertheless, most existing methods focus primarily on overall semantics
and struggle with fine-grained text—image alignment. In contrast, our FocusDiff enables AR-based
models to exert precise control over visual tokens for stable and high-quality image generation.

6 CONCLUSION

In this paper, we propose PairComp, a new benchmark for text-to-image generation, revealing that
existing models struggle with fine-grained text-image alignment. And we introduce FocusDiff, a
training paradigm with a novel training 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 Janus-FocusDiff, achieving superior performance on existing text-to-image
benchmarks and significantly outperforming most prior prominent methods on PairComp.
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APPENDIX OVERVIEW

The anonymous project of our paper is in https://anonymous.4open.science/r/
FocusDiff_ Anonym-1F44. In this supplementary material, we present:

* Vanilla GRPO for Autoregressive Image Generation in Section[A]
* More Details on PairComp in Section

 More Details on FocusDiff-Data in Section[d

+ Implementation Details in Section D}

* Evaluation Details in Section[El

* More Experimental Results in Section [F|

* The Use of Large Language Models in Section [G]

* Ethics Statement and Reproducibility Statement in Section

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 advantages in a group-
relative manner. Specifically, given the input prompt 7, the old policy 7g_,, first samples a group of
G individual images as the response group G = {Z; }{* ;. We input each response with the group into
the reward function to obtain the individual reward Rz,. We then calculate the advantages {4;}% ;,
where each A; measures the relative quality of output compared to the average reward:

Rz, — mean ({RL }?:1)

Std({RIi }zG:I)

Then, we update the policy network parameters by the following training loss:

@

i =

G lyi

JO)=E  (ganp [Z - Zz<mm(mA“chp(p”, —el4e)Ai) - 5Dm)>}

{yi} g ~mag, CIT) i=1 j=1
3)

Tref 1 is the the KL divergence to maintain training stability. And

where Dy, = ==L — log

7o (Vi | T vi,<j)

pij = TR T is the ratio between probabilities of 7 and g

. for outputting current token.

B MORE DETAILS ON PAIRCOMP

Each test case in PairComp contains two similar prompts with subtle differences. The two prompts
exhibit word-level differences that lead to noticeable 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 six types.

* Color: highlighting differences in the color of specific items in two images. For example,
an umbrella in one picture is purple while in another picture it is green.

* Position: Differences in the relative positioning of specific items in two images. For
example, in one picture object [A] is to the left of object [B] while in another picture [A]
is to the right of [B].

* Text: Differences in the textual content on an item in two images. For example, the departure
time on a ticket in one picture is 20:00” while the departure time on a ticket in another
picture is ”21:00”.

» Style & Tone: The differences can be categorized into two types: (1) Differences in the
overall style of two images. For example, one picture is in an oil painting style while another
picture is in an ink wash painting style. (2) Differences in the overall atmosphere (weather,
season, etc.) in two images. For example, the scene depicted in one picture is on a sunny
day while the scene depicted in another picture is on a foggy day.
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* Counting: Differences in the quantity of specific items in two images. For example, there
are 3 eggs in one picture while there are only 2 eggs in another picture.

* Overall-appearance: Differences in the overall appearance of items in two images, includ-
ing but not limited to the previously mentioned item such as color, as well as previously
unmentioned decorations or style differences of objects. For example, a cat in one picture is
wearing a bow tie while a cat in another picture is wearing a bell.

C MORE DETAILS ON FOCUSDIFF-DATA

In this section, we give more details on how to
construct FocusDiff-Data from the image

editing dataset (Zhao et al., [2024a; |Yu et al., N | e A
2024), with the pipeline shown in Figure [§] In === a N ———
the first step, considering the potential poor qual- e pairs from o PR
ity of the image editing dataset, we conduct data image edit wfter select

cleaning on the raw data to retain only high-

quality samples. Using the InternVL2.5-26B

model, providing it with the before-after-editing

images and the editing instruction, we evaluate

three key aspects with the following prompts: o HnEriAL
(1) whether the edited image follows the editing e 3. Conee o
instructions; (2) whether the non-edited areas of o training Hommet

image pairs

the edited image remain consistent with the orig- withicoptions
inal image; and (3) whether the overall quality

and natural appearance of the edited image are

acceptable. We filter out any pairs that fail to Figure 8:  The pipeline for constructing
meet these criteria. FocusDiff-Data

Subsequently, we input the pair of before-and-after images along with the editing instructions into
InternVL2.5-26B (Chen et al.| [2024). 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. The task prompt is formatted as:

The user will provide an original image and an edited image based on specific editing
instructions. Your task is to write a description for each of these two images. The descriptions
must adhere to the following guidelines.

Identical Structure: Both descriptions should follow the exact same structural format.
Ensure that verbs, adjectives, and other parts of speech align in number and position between
the two sentences.

Minimal Differences: Only one to three words should be altered between the original and
edited image descriptions to emphasize the changes made.

Direct Comparison: The paired sentences should correspond directly, allowing for a clear
comparison between the original and edited images.

After generating the captions (P1, P2) for the images (Z1,Z»), we conduct a post-verification
operation with three conditions: (1) Using the Qwen model (Bai et al.,|2023), we assess whether P;
and P, exhibit similar semantic structures; (2) Using the InternVL-8B model (Chen et al., [2024), we
verify whether P; and 7, as well as Py and Z,, were semantically aligned. (3) We further leverage
InternVL-8B to ensure that P; and Zs, as well as Py and Z;, 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 InternVL2.5-26B model 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 approximately 200, 000 high-quality data pairs.
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D IMPLEMENTATION DETAILS

Supervised Fine-Tuning. We first leverage FocusDiff-Data to conduct autoregressive text-to-image

supervised fine-tuning on Janus-Pro. The objective function is p(y) = % Zil log Py (yily<i, T),

where y is the visual token of an image with S as the sequence length, 7 is the text condition. The
detailed hyperparameters for training are shown in Table [§]

Reward Calculation. The overall design philosophy of our reward model is to leverage QA-based
visual comprehension (Chen et al.| 2024} [Liu et al., 2024bj; Bai et al., [2025) models, which will
return a consistency score R¥“*(-) € [0,1] for each text-image pair. We leverage InternVL2.5-
26B (Chen et al.| 2024) as the reward model to provide appropriate incentives, which will return a
consistency score Rz € [0, 1] for each text-image pair. Specifically, for short prompts, we directly
the MLLM with the question “Does this image match the description? Please
directly respond with yes or no”. Werecord the probability of the model responding
with “Yes” as Py.s and “No” as P,,, with the reward score calculated as S(Z,P) = Py / (Pyes +
P,,). For long prompts, inspired by , we first decompose the prompt to semantic tuples (e.g., attribute,
and spatial relation) and then generate yes-or-no questions (e.g., “Is the cdog red?”’). The MLLMs
are asked to perform a VQA task for the prompt and generated image, returning a score of O to 1 for
each question in the same way. The reward is obtained by averaging the evaluation of the MLLMs on
multiple questions for a prompt.

Table 6: The detailed training hyper-parameters of

Reinforcement Learning. Our proposed Pair- g nervised fine-tuning and reinforcement learning.

GRPO is an improved version of GRPO, with

s A Hyper-parameters Fine-Tuning Reinforcement Learning
training prompts sourced from FocusDiff-Data. ~Optimizer AdamW AdamW
We set the G = 7, first expanding the group ggl‘(mL‘;“ param. 2(%5: 0.9,f, = 095, € =106
size from 7 to 14. There is a probability p that  convert LR - 2.0e-6
the group size may further increase to 18, as we ~ Comertstep b o
. . . m .Ue- ve-
introduce ground-truth images corresponding 1R scheduler Cosine Linear+Cosine
to prompt pairs from FocusDiff-Data and  Bawchsize 256 128

. . .1: Training Steps 5K 22K
pair them with the prompts. The probability p  warmup Steps 100 100
is dynamic, decreasing from 1.0 at the start of Weight decay 0.05 0.05

I Gradient clipping 1.0 1.0
tralnlng t0 0.0 by the end. Numerical precision bfloat16 bfloat16

Resource Usage 8 NVIDIA A800 16 NVIDIA A800

During RL training, we used the fine-tuned
Janus-Pro as the backbone model and set the
batch size to 128, meaning that each optimization iteration includes 128 different prompts. All
parameters are tunable. We totally conduct 2200 iterations of post-training optimization. We find that
the learning rate is crucial: a learning rate that is too small results in insignificant performance gains,
while a learning rate that is too large leads to unstable training. To address this, we design a combined
Linear + Cosine learning rate scheduler. The learning rate quickly drops linearly from a peak value to
a lower “convert learning rate” at a “convert step”, and then gradually decreases 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 dropped
sharply, we reduce the learning rate to half or two-thirds of its current value and resume the training;
(2) When the reward curve declined gradually, it suggests that the KL divergence constraint with
a less capable reference model is limiting the model improvement. Thus we update the reference
model to the current model and then resume the training. The detailed hyperparameters for training
are shown in Table[6l

Inference. During inference, we follow the inference setup of Janus-Pro, setting topk = 4096
for visual token sampling. Besides, we use classifier-free guidance on the logits for autoregressive
sampling in a manner similar to (Wang et al.,|2024; |Liu et al., 2024a)). We set the guidance scale to
4.0, or 5.0 or 6.0.

E EVALUATION DETAILS

Baseline. 'We compare Janus-FocusDiff against three primary categories of models: diffusion-only
methods, autoregressive (AR)-only methods, and hybrid approaches that combine both diffusion and
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Figure 9: More qualitative Comparisons between Janus-Pro-7B and Janus-FocusDiff-7B on pairs of
similar prompts.

AR techniques. The diffusion-only baselines include SD3 2024), FLUX.1-dev
[2024), Sana-1.5 2025), Janus-Flow (Ma et al.,[2024), Lumina-Image2.0 (Qin et al., [2025),
HiDream-I1-Full (Cai et al| 2025), HunyuanImage-2.1 (Team, 2025), Qwen-Image (Wu et al., 2025a).
The AR-only baselines include LLamaGen (Sun et al., 2024), VILA-U (Wu et al}[2024), Emu3 (Wang
et al.| [2024), Infinity (Han et al.| [2024), Janus-Pro-1B (Chen et al, 2025b), Janus-Pro-7B (Chen
et al.,[2025b), Lumina-mGPT 2.0 (Xin et al., [2025)), T2I-R1 (Jiang et al., [2025)), Janus-Pro-R1 (Pan
et al., 2025). The hybrid baselines include Show-o (Xie et al.,[2024), Show-0+PARM
2025b), SEED-X (Ge et al.,[2024), BLIP3-o (Chen et al.,[2025a), Omni-Gen2 12025b),
Bagel-Think 2025), X-Omni-En (Geng et al.| [2025), GPT-40 2024), . It is
worth noting that, Show-o+PARM, T2I-R1 and Janus-Pro-R1 attempt to enhance the text-to-image
generation capabilities of AR-based MLLMs through reinforcement learning.

Benchmarks. In PairComp, we leverage InternVL2.5-26B as the main evaluation model (Qwen?2.5-
72B as the assistant evaluation model) with the prompt: “Does this image match the description?
Please directly respond with yes or no.” We record the probability of the model responding with
“yes” (denoted P,.) and with “no” (denoted F,,), with the semantic consistency score calculated
as S(Z,T) = Pyes/(Pyes + Pno). For each prompt, we require a text-to-image model to generate
two images. Therefore, for a pair of similar prompts (7.}, 7;2), we obtain four generated images
(IZ-1 ! 7;1’2, IZ-2 ! I¢2 ?). We then compute the semantic consistency scores for each image with respect
to its corresponding prompt: s;"" = S(Z/', T1), 5,2 = S(Z2, T4, 521 = S(T1, T2), 527 =
S(Z*, 7). The arithmetic mean score is calculated as: s, = PYs Zil(si’l +577 450t 4577,

. . 11 .12 21 22
and the geometric mean score is calculated as: s, = % {‘/ 8777 -s,7" -8, - s;". The score of the

geometric (arithmetic) mean for “Average” is obtained by averaging the geometric (arithmetic) mean
scores of the other six sub-tasks.
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Furthermore, we also conduct zero-shot evaluation on 3 existing text-to-image benchmarks:
GenEval (Ghosh et al., [2023), T2I-CompBench (Huang et al., |2023)), and DPG-Bench (Hu et al.,
2024). GenEval contains 6 different subtasks of varying difficulty requiring various composi-
tional skills, including single object (SingObj), single object (TwoObj), counting,
colors, position, color binding (ColorAttri). 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 T2I-CompBench encompasses three subtasks
following |Wang et al.|(2024)): color, shape, texture. Building on prior research, we employ
the Blip-VQA score (Li et al., [2022)) as the evaluation metric. While for DPG-Bench, we follow the
metrics proposed in (Hu et al.,[2024) to conduct evaluation.

F MORE EXPERIMENTAL RESULTS

In Figure [0 we present more qualitative comparison between Janus-FocusDiff-7B and Janus-Pro-
7B on pairs of similar prompts with fine-grained semantic differences. Janus-Pro-7B struggles to
precisely control the fine-grained requirements of similar prompts. Moreover, even for the same
prompt, the generated images are not consistently aligned with the target semantics. In contrast,
our Janus-FocusDiff-7B is capable of stably generating high-quality images that meet the specified
requirements.

G THE USE OF LARGE LANGUAGE MODELS

Our use of large language models (LLMs) spans two main aspects. First, during the experimental
phase, as described in Appendix [C| we leveraged LLMs (InternVL) to assist in generating the high-
quality FocusDiff-Data dataset, including image captioning and filtering. Second, during paper
writing, we utilized GPT-4 to polish certain expressions within the manuscript, enhancing the clarity
and fluency of the text.

H ETHICS STATEMENT AND REPRODUCIBILITY STATEMENT

Ethics Statement. This study does not raise any ethical concerns. The research does not involve
subjective assessments or the use of private data. All experiments draw exclusively on publicly
available datasets or data generated by open-source multimodal large language models.

Reproducibility Statement. The anonymous repository for our paper is available at https:
//anonymous.4open.science/r/FocusDiff_ Anonym-1F44| In this anonymous repos-
itory, we provide the complete training codebase, the PairComp benchmark for evaluating fine-grained
text-image alignment, and the corresponding inference scripts for better reproducibility.
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Table 7: Performance comparison between pointwise reward and pairwise reward.
\ GenEval DPG-Bench PairComp (InternVL2.5) PairComp (Qwen2.5-VL)

Methods

| Overallf Avg? Avg-S,T Avg-Sg1 Avg-S, T Avg-SgT
Janus-Pro-7B 0.80 84.17 75.5 70.4 63.6 54.1
Janus-FocusDiff (Pairwise Reward) 0.84 84.90 82.0 79.8 71.3 65.6
Janus-FocusDiff (Pointwise Reward) 0.87 85.31 85.0 83.5 74.8 69.9

Table 8: Evaluation results on PairComp based on InternVL2.5-26B, when decomposing the prompts
into sub-questions for evaluation.

Methods \ Overall Appear. Color Counting Position Style&Tone Text Average

| Sal St Sal Syt Sl Syt Sal St Sal Syt Sal Syt Sal St
LLamaGen (Sun et al.|[2024) 60.8 56.3 694 644 48.1 421 504 437 755 668 274 209 553 49.0
Show-o (Xie et al.|[2024) 75.9 72.6 89.1 87.0 622 589 520 474 924 893 421 342 689 649

Bagel-Think (Deng et al.|{[2025) 82.3 79.8 92.1 90.6 727 698 727 675 91.1 874 651 584 793 75.6
Janus-Pro-7B (Chen et al.[[2025b) | 84.1 81.3 964 948 554 492 726 682 945 912 654 585 781 739
SD3 (Esser et al.[[2024) 87.0 85.2 96.1 954 78.6 758 748 716 905 873 950 941 87.0 849
Janus-FocusDift-7B 89.3 87.9 98.6 983 720 70.1 781 752 954 949 881 868 869 855

Table 9: Performance Comparison on all six subtasks of T2I-CompBench.

Methods | Colort Shapet Texturet Spatialf Non-Spatialt Complext
FLUX.1-dev (Labs.[2024) 0.74 0.57 0.69 0.29 0.31 0.37
Show-o (Xie et al.|[2024) 0.56 0.41 0.46 0.20 0.30 0.29
Show-0+PARM (Guo et al.|[2025b) 0.75 0.56 0.66 0.29 0.31 0.37
Janus-Pro-7B (Chen et al.||2025b) 0.64 0.35 0.49 0.21 0.31 0.36
T2I-R1 (Jiang et al.|[2025) 0.81 0.59 0.72 0.34 0.31 0.40
Janus-FocusDiff-7B 0.83 0.61 0.74 0.35 0.33 0.42
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Figure 10: More qualitative Comparisons between the image generated by Janus-Pro-7B and Janus-
FocusDiff-7B on various prompts. The images generated by our model generally achieve better
aesthetic quality. In the last row of this figure, we also show images generated by the new version
of Janus-FocusDiff, which is trained by an improved version of FocusDiff-Data.
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(b) Data examples in FocusDiff-Data

Figure 11: We present some typical datat examples in EvoGen and FocusDiff-Data. Compared
to EvoGen, FocusDiff-Data not only builds upon compositional learning of relational terms, but
also emphasizes fine-grained semantic details that are often overlooked beyond a prompt’s primary
semantics.

A / chair A bicycle parked on the .
beside the window. street at M/ . A tent in the EEE0R)/ BN,

Figure 12: Data examples in high-aesthetic-quality editing datasets.
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