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ABSTRACT

Despite the success of Reinforcement Learning from Human Feedback (RLHF) in
language reasoning, its application to autoregressive Text-to-Image (T2I) gener-
ation is often constrained by the limited availability of human preference data.
This paper explores how an autoregressive T2I model can learn from internal
signals without relying on external rewards or labeled data. Contrary to recent
findings in text generation, we show that maximizing self-uncertainty, rather than
self-certainty, improves image generation. We observe that this is because autore-
gressive T2I models with low uncertainty tend to generate simple and uniform
images, which are less aligned with human preferences. Based on these observa-
tions, we propose IRIS (Intrinsic Reward Image Synthesis), the first framework to
improve autoregressive T2I models with reinforcement learning using only an in-
trinsic reward. Empirical results demonstrate that applying IRIS to autoregressive
T2I models achieves performance that is competitive with or superior to external
rewards.

1 INTRODUCTION

Reinforcement Learning (RL) has proven to be highly effective in advancing the reasoning capabil-
ities of large language models, particularly in verifiable domains such as mathematics and program-
ming (Shao et al.| 2024} [Hurst et al.| 2024} |Guo et al.| [2025a; Hu et al.l |2025)). Motivated by these
advances, a similar RL-based alignment approach is now being explored for text-to-image mod-
els (Betker et al.l 2023} [Team et al. 2023} |[Esser et al., 2024a). However, applying RL here is more
challenging due to the lack of verifiable rule-based rewards—unlike math or code, the quality of a
visual output is inherently subjective and hard to evaluate automatically. Existing methods in this
area either build an image reward model from human preferences or use automated rewards from
specialized models, such as object detectors (Yan et al.,|2024) or Visual Question Answering (VQA)
systems (Jiang et al.l 2025). However, the former approach is bottlenecked by the scalability and
subjectivity of human labeling, while the latter is often domain-specific and struggles to generalize
beyond the narrow settings for which it was trained.

Recently, several works have shown that text-based applications, including mathematical and code
reasoning, can be improved by maximizing self-certainty via RL (Zhao et al., 2025b; Zhang et al.|
20254). This concept is particularly appealing for text-to-image generation, given the inherent dif-
ficulty of defining an explicit reward model. Motivated by this, we aim to answer the following
question:

Is it possible to design a more general method for text-to-image generation using
only intrinsic signals—without relying on human-labeled data or domain-specific
heuristics?

In this work, we use the multimodal LLM, Janus-Pro (Chen et al.| [2025), for the text-to-image gen-
eration task due to their strong instruction-following capabilities. However, contrary to previous
works in the text generation (Zhao et al.,|2025b; |Zhang et al.,[2025al), our research reveals that max-
imizing self-certainty is detrimental to text-to-image synthesis. As illustrated in the “self-certainty”
column of Fig.|l} maximizing a model’s self-certainty by reinforcement learning impairs its image
generation. Furthermore, we discover that more self-confident models tend to generate uniform
and simplistic images, whereas less self-confident models produce more visually rich and colorful
images that are better aligned with human preferences. We thus claim that:
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Figure 1: We perform reinforcement learning (RL) fine-tuning on Janus-Pro using three reward
schemes: (1) external reward (pretrained image reward models, etc), (2) self-certainty reward, and
(3) negative self-certainty reward. The self-certainty is computed as the negative cross-entropy
between the model’s output distribution and a uniform distribution—where higher self-certainty
indicates greater model self-certainty. The figure presents results across three tasks: (i) single-
object generation, (ii) spatial generation, and (iii) two-object generation. We observe that increased
self-certainty typically results in more uniform and less visually diverse images, while lower self-
certainty tends to generate images with richer visual features that are more preferred by humans.
Please refer to Appx. @for more visualized results.

Maximizing self-certainty improves language reasoning,
while minimizing self-certainty improves text-to-image generation.

To verify the hypothesis quantitatively, we
compute the self-certainty measured by the KL
divergence between the uniform distribution
and the model’s output distribution. We train
an LLM and a multimodal LLM, i.e., Qwen2.5-
1.5B-Instruct and Janus-Pro-1B respectively,
on verifiable external rewards by GRPO
2024) and monitor the self-certainty on
the text and image tokens respectively. Re-
sults in Fig [2] shows that RL alignment with
external reward models continuously increases
the self-certainty of the LLM in math reason-
ing tasks, but decreases the self-certainty of the
multimodal LLM in the text-to-image genera-
tion. This indicates that less self-confident mul-
timodal LLMs will generate images with higher
rewards. We give a detailed description of the
experiment settings in Appx.[B.1]

Based on this observation, we introduce IRIS
(Intrinsic Reward Image Synthesis), a rein-
forcement learning framework that leverages
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Figure 2: Self-Certainty on image tokens in the
Janus-Pro-1B (orange line, right y-axis), and on
text tokens in the Qwen2.5-1.5B-Instruct (blue
line, left y-axis). RL alignment with external
reward models continuously increases the self-
certainty of the LLM in the math reasoning, but
decreases the self-certainty of the multimodal
LLM in the text-to-image generation.
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the model’s the Negative Self-Certainty (NSC) as the reward signal. We note that IRIS doesn’t need
any human knowledge or external verifiers, and is agnostic to the model architecture or dataset.
Remarkably, we find that our IRIS itself can significantly enhance the reasoning capabilities of
121 models. We adopt the CoT reasoning to generate detailed image description prior to subse-
quent image synthesis, termed as semantic CoTs (Jiang et al., [2025). On Janus-Pro 1B models,
IRIS boosts the performance by 9.1%, 13.3%, and 28.8% on GenEval (Ghosh et al. 2023), T2I-
CompBench (Huang et al., [2025) and WISE (Niu et al., [2025) respectively, showing that IRIS im-
proves reasoning and planning capabilities in the T2I models. See Sec. @.2]for more details.

Our contributions can be summarized in the following:

* We propose IRIS, the first RL-based alignment method for text-to-image generation using
only an intrinsic reward. We minimize the self-certainty of the T2I models.

* We observe and confirm that the model’s self-certainty exhibits task-dependent behaviors.
Specifically, higher self-certainty benefits the model in domains requiring objective reason-
ing (e.g., mathematical and code reasoning), but lower self-certainty benefits the model in
subjective generation tasks (e.g., text-to-image generation).

* Empirically, we show that IRIS can improve the autoregressive T2I models without any
external supervision. Post-training by IRIS achieves competitive performance compared to
training with external rewards. We call for better design of training algorithm and external
reward models that are beyond the intrinsic capabilities of the base T2I model.

2 RELATED WORK

Reinforcement learning in image generation models Reinforcement learning plays a key role in
enhancing the performance of modern text-to-image generation models (Betker et al., 2023} Team
et al., 2023 Wallace et al.| |2024; [Esser et al., |2024a). Early efforts primarily focused on training
image reward models using human-labeled preference data (Xu et al.l [2023; Wu et al.| 2023} [Xu
et al., |2024). To reduce reliance on manual annotation, subsequent work has explored automated
reward generation. For example, |Yan et al.|(2024) leverage existing automatic scoring methods
such as the Grounding DINO detector (Liu et al) [2024). |Guo et al.| (2025b) fine-tunes LLaVa-
OneVision (Li et al.,2024b) to evaluate the alignment between the prompt and the generated image.
Similarly, Jiang et al.[(2025) utilize Visual Question Answering (VQA) models to provide feedback
signals during training. However, our method get rid of the external models and guide the generation
model with its intrinsic signals, making it adaptable to many scenarios.

Reinforcement learning with intrinsic reward Recent work in LLMs explores RLIF as a means
to reduce reliance on human preference data or domain-specific verifiers. For instance, Zhang et al.
(20252) and |Agarwal et al.| (2025) propose minimizing entropy as a form of reasoning incentiviza-
tion. Building on this idea, [Zhao et al.| (2025b) introduce a self-certainty signal—defined as the
cross-entropy between the output token distribution and a uniform distribution to guide RL train-
ing, reporting improved performance. In related efforts, [Prasad et al.| (2024) and [Zuo et al.| (2025)
generate multiple rollouts and leverage majority-vote outcomes to estimate advantages. To the best
of our knowledge, we are the first to successfully train text-to-image generation models without
external reward supervision. Our key insight lies in the observation that visual generative models
exhibit lower self-certainty when producing visually rich and semantically meaningful images. This
contrasts with findings in the LLM domain, where higher model self-certainty has been associated
with better performance (Zhang et al.| 2025a; Agarwal et al., 2025} |[Zhao et al.,|2025b)).

3 METHOD

3.1 RL FINETUNING OF LLMSs

In RL finetuning of LLMs, the LLM policy 7y is optimized to maximize some reward function 7.
Given the input query g, the generated output o, the reference policy 7,.¢, and the KL regularization
coefficient (3, the objective to optimize is

0By, 1) [(0la) — FKL (7o (0la) [ (ola)] (1)
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In this paper, we denote by o, the ¢-th token of the output o, and o, the first £ — 1 tokens of the
output 0. We use KL(p||¢) to denote the KL diveregnce of the distribution p and g.

Currently, RL finetuning mainly consists of reinforcement learning from human feedback
(RLHE, Christiano et al.|(2017); Ouyang et al.| (2022)); |Kaufmann et al.|(2023))), reinforcement learn-
ing from verifiable reward (RLVR, |Lambert et al.| (2023)), and reinforcement learning from intrinsic
reward (RLIF, Zhang et al.[(2025a);|Agarwal et al.| (2025)); Zhao et al.| (2025b))).

* RLHF. The reward function is typically learned explicitly or implicitly from human’s pref-
erences.

* RLVR. The reward function is verifiable. For example, in mathematical problem solving,
the reward is 1 if the output solution is correct and 0 otherwise. In text-to-image generation,
the reward model can be the object detector (Liu et al., 2024).

e RLIF. The reward function is an intrinsic signal derived from the model’s intrinsic state.

However, existing RL finetuning methods mainly focus on text outputs, either in standard LLMs or
iamge-to-text language models. In this paper, we focus on RL finetuning text-to-image generation
with intrinsic feedback.

3.2 IRIS AND REWARD DESIGN

During training, given the prompt ¢, we first generate a semantic-level text description and then
use it to guide the visual generation. We denote the output by o, which contains both text and
image tokens. Conditioned on the prompt ¢ and the output before the ¢-th position o, we define
Self-Certainty (SC, Zhao et al.[(2025b))) and Negative Self-Certainty (NSC) at position ¢ by

SC(otlq, 0<¢) := +KL(U||mg(0t|q, 0<¢)), and NSC(o|q, 0<¢) := —SC(0¢|q,0<¢), (2)

where U denotes the uniform distribution on the vocabulary.

The output token o; could be a text or image token in the multimodal LLMs. A natural question
is whether to use SC or NSC as the intrinsic reward on the text or image tokens. If we use SC as
the intrinsic reward in the RL objective, maximizing the reward means improving the self-certainty,
and if we use NSC, maximizing the reward means improving the self-uncertainty. For the image
tokens, as we discussed in Fig. [T} overly confident models usually generate uniform and plain fig-
ures, whereas models with a moderate confidence can generate images with richer and more diverse
features. For text tokens, we argue that maximizing NSC encourages the generation of more diverse
semantic CoTs, thereby facilitating better exploration during training. To verify our claim quanti-
tatively, we carefully design the ablation study in Sec. which shows that using the NSC as the
intrinsic reward in both text and image tokens can achieve the best results. This is in clear contrast
to previous works on pure text generation models, which maximize SC (Zhao et al., |[2025b; [Zhang
et al.,[2025a). In conclusion, we use NSC as our intrinsic reward in IRIS.

We define self-certainty by the forward KL divergence, which encourages mode-covering behavior
by rewarding probability distributions that cover multiple plausible outcomes. This stands in contrast
to metrics like entropy (backward KL), which are mode-seeking and favor a single high-probability
output. Specifically, self-certainty mitigates the common bias against longer sequences found in
perplexity and entropy-based measures, making it a more robust metric for a model’s intrinsic self-
certainty (Fang et al.| 2024} Kang et al., 2025)). Its practical value is supported by the recent work
that it can serve as a powerful intrinsic reward to guide language model’s learning across different
domains (Zhao et al., [2025b). We also show in the ablation study of Sec. that forward KL is
better than backward KL in IRIS self-uncertainty computation.

We optimize the objective function from Eq. (I) by applying Group-wise Relative Policy Opti-
mization (GRPO) to the IRIS reward. GRPO’s optimization process relies on sampling multiple
candidates to inform policy updates. Specifically, for each query ¢ ~ P(Q), we generate a set of
G outputs {o01,...,0c} using a fixed behavior policy my,,. The relative rewards of these outputs
are then used to estimate advantages, guiding the update for the target policy 7y by maximizing the
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following objective:

jGRPO( ) EQNP(Q) O={0:}§_ 1 ~moy, (-1a)
G loi|

I Z o] 2 Z {mln (Czt (0)A; ¢, clip(ci(0),1 — €, 1+ e) ) ﬁKL(meref)} ,

79 (04,¢19,0i,<t)

where ratios ¢; ; are defined by ¢; +(0) = o (o lqor <)
10 (06.010,01, <t

and the advantage can be estimated by

u; — mean({uy, ug, - ,ug})
std({uy,uz, -+ ,ug})

= ZNSC(Oi,t|Qa0i,<t)a Ai,t =
t

In the autoregressive T2I models, the generated output o; consists of text and image tokens, denoted
by Let 0; exe and 0; img respectively. We simply concatenate 0; iex and o; jmg t0 be oy. Therefore,
our objective is to maximize the uncertainty (NSC) for both text and image tokens. We validate this
choice in the ablation study (Sec.[#.3] Fig.[6]and[7).

Notably, maximizing uncertainty for text tokens appears to contradict our observation in Fig. [2]
where we found that training on reasoning tasks decreases uncertainty. We speculate this discrep-
ancy arises because math reasoning requires precise thought generation. In contrast, our T2I setting
first generates descriptive and explorative text from a given prompt before synthesizing the image.
This need for textual exploration is supported by recent work on information-seeking agents Team
et al|(2025), which similarly observed that as the agent’s reward increases, its output entropy (and
thus uncertainty) also increases.

4 EXPERIMENTS

4.1 EXPERIMENT CONFIGURATION

To evaluate the effectiveness of IRIS, we primarily follow the protocol in T2I-R1 [Jiang et al.
(2025)).0Our experiments focus on fine-tuning Janus-Pro (Chen et al., [2025), using Generative Rel-
ative Process Optimization (GRPO) (Guo et al.| 2025a). Key hyperparameters include: a learning
rate of 1 x 1075, a maximum prompt length of 512 tokens, and a maximum completion length of
1024 tokens. We use an effective batch size of 8, achieved with a per-device batch size of 1, a data-
parallel width of 4 GPUs, and 2 gradient accumulation steps. The GRPO algorithm is configured
with a KL divergence coefficient () of 0.01. For our text-to-image tasks, Janus-Pro models first
generate semantic Chains of Thought (CoTs) before creating the final image.

To comprehensively assess our model’s capabilities, we evaluate it against three diverse bench-
marks, each designed to test different aspects of text-to-image generation. First, GenEval (Ghosh
et al., [2023) provides an object-centric evaluation, focusing on fundamental abilities such as cor-
rectly rendering single or multiple objects, their colors, counts, and positions. Second, T2I-
CompBench (Huang et al., 2023) targets compositional understanding, specifically assessing the
model’s capacity for attribute binding (e.g., color, shape, texture) and its handling of both spatial
and non-spatial relationships between objects. Finally, WISE (World Knowledge-Informed Seman-
tic Evaluation, Niu et al.| (2025)) measures the model’s ability to apply real-world knowledge, eval-
uating performance on prompts requiring cultural common sense, spatio-temporal reasoning, and an
understanding of natural sciences. Collectively, these benchmarks provide a multi-faceted evaluation
of our model’s performance, ranging from basic object composition to complex, knowledge-based
semantic interpretation. We give a more detailed description of the benchmarks in Appx.[A-I] Fol-
lowing previous benchmark results, we round the scores to two decimal places in the GenEval and
WISE benchmarks, and four decimal places in the T2I-CompBench benchmark.

We will use the four external reward models to train the multimodal LLM as the baseline (T2I-
R1, (Jiang et al.| 2025))). Trained from human aesthetic preferences, the Human Preference Model
(HPSv2, Wu et al.| (2023))) assesses the overall aesthetic appeal and visual quality from the human
perspective. To evaluate compositional accuracy, we use the GroundingDINO (DINO, [Liu et al.
(2024)) object detector to verify the existence, count, and spatial arrangement of specified objects.
Complementing this, a Visual Question Answering model GIT (Wang et al., [2022) question the
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image to confirm specific attributes, such as color and texture. Finally, an Output Reward Model
(ORM,, |Guo et al.| (2025b))), a fine-tuned Large Multimodal Model, provides a holistic judgment on
the alignment between the prompt and the generated image. We give a more detailed description of
the external rewards in Appx.[A.2]

We identify a key inconsistency in the official implementation of T2I-R1 (Jiang et al., |2025). Janus
and Janus-Pro models use different chat templates: Janus models use keys "User" and "Assistant",
but Janus-Pro models use keys "<IUserl>" and "<|Assistantl>". Jiang et al.|(2025)) uses Janus model’s
chat template to train and evaluate the Janus-Pro models. In this paper, we will use the correct chat
template to train and evaluate the Janus-Pro models, so numerical results reported in our paper are
different from those inJiang et al.| (2025)).

4.2 MAIN RESULTS

We evaluate our results on three series of models: (1) Janus-Pro base models, (2) Janus-Pro trained
by external rewards. (3) Janus-Pro trained by IRIS, where we generate 8 text strings per query
and subsequent 1 image per text string in GRPO’s advantage computation. Fig. ] shows the main
results on GenEval, T2I-CompBench and WISE on the first 800 steps of training. Tab. [I] reports
the best result of different methods among the checkpoints from 100 step to 800 step on the three
benchmarks. We found that IRIS boosts the performance of the Janus-Pro 1B model by 9.1%,
13.3%, and 28.8% on GenEval, T2I-CompBench and WISE respectively, and Janus-Pro 7B model
by 1.3%, 1.8%, and 6.5%, achieving results comparable to its counterpart that uses an external
reward. The larger performance gain on WISE benchmark can be attributed by the novelty and
difficulty of this benchmark, and relative smaller performance gain of RL finetuning on 7B models
can be attributed to the stronger capability of larger base models. Importantly, our method does not
rely on any external knowledge or domain specific verifier and can be easily adapted to any scenario,
highlighting its broad applicability and potential. Please refer to Appx.[B.3|for detailed subscores in
the three benchmarks.
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Figure 3: Main results of Janus-Pro 1B on GenEval, T2I-CompBench and WISE. On T2I-
CompBench and WISE, IRIS can achieve comparable results with T2I-R1.

Emergence of long-form reasoning [Jiang et al. User prompt: A phofo of a bicycle.

(2025) shows that using external rewards can
guide the model to generate meaningful semantic
CoTs. We show that that using intrinsic rewards
can also guide the model to generate meaningful
semantic CoTs that helps the image generation.
In Fig. @] we present an example of our seman-
tic CoTs in training, which provides concise and gjoyre 4: Visualization of semantic CoTs. The
meaningful details that could be useful in training jef; one is training without semantic CoTs, and the
to enhance the image diversity. More CoT exam- jjgh one is training with semantic CoTs. Training
ples could be found in Fig.[T3in Appx. with semantic CoTs improve image generation.

w/o Semantic CoT with Semantic CoT

Generated Semantic CoT: A

bicycle in a lush green

meadow with golden grass,

-4 surrounded by trees with a

“ ' bright yellow sun in the sky
| and a blue river flowing

i nearby in the foreground.

Intrinsic rewards incentive general T2I abilities The NSC reward in IRIS provides an intrin-
sic, token-level signal for guided image generation. IRIS surpasses the T2I-R1 on 1B models in
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Table 1: “Und.” and “Gen.” denote “understanding” and “generation”, respectively. We report the
scores of the best checkpoint (measured by the average performance) of the T2I-R1 and IRIS.

(a) GenEval.

Type Method Single Obj.t Two Obj.t Countingt  Colorst  Position] Color Attri.  Overallt
SD-v1 (Rombach etal.|[2022) 0.97 0.38 0.3 0.76 0.04 0.06 0.43
;? SD-v2 0.98 0.51 0.44 0.85 0.07 017 0.50
¢ PixArta (Cheneral]20230) 0.98 0.50 0.44 0.80 0.08 0.07 0.48
S SDXL 0.98 0.74 0.39 0.85 0.15 0.23 0.55
FLUX (Labs|[2024][Yang et al.|2024b] 0.98 0.81 0.74 0.79 0.22 0.45 0.64
SD3-Medium 0.99 0.94 0.72 0.89 0.33 0.60 0.74
Show-o 0.98 0.80 0.66 0.84 0.31 0.50 0.68
SEED-X (Ge et al.][20%4] 0.97 0.58 0.26 0.80 0.19 0.14 0.49
& Janus-Pro-1B __Chen et al.||2025 0.94 0.71 0.42 0.82 0.52 0.51 0.66
S Janus-Pro-1B + T2I-R1 @ 0.99+0.01 0.85+0.03 0.501+0.03  0.8610.01  0.6410.05 0.63+0.02 0.75+0.01
<
‘g‘ Janus-Pro-1B + IRIS (Ours) 0.99-+0.01 0.85+0.01 0.4140.03 0.88+0.02 0.6640.04 0.51+0.03 0.7240.01
S Janus-Pro-7B 0.98 0.89 0.49 0.89 0.69 0.62 0.76
Janus-Pro-7B + T2I-R1 (Jiang et al.|2025) 1.00+0.01 0.91+0.03 0.554+0.03  0.91:001 0.69+0.04 0.62-+0.03 0.78+0.01
Janus-Pro-7B + IRIS (Ours) 0.9940.01 0.9140.03 0.5240.06 0.88+0.03 0.73+0.05 0.61+0.03 0.77+0.03

(b) T2I-CompBench

Attribute Binding Object Relationship
Type Method C lex
Color 1 Shape? Texturef 2D-Spatial  Non-Spatialt

SD-v1 (Rombach et al.|[2022} 0.3765 0.3576 0.4156 0.1246 0.3079 0.3080

£ SD-v2 (Rombach et al.|2022} 0.5065 0.4221 0.4922 0.1342 0.3127 0.3386

S . .

< PixAn-a (Chenetal|2023) 0.6690 0.4927 0.6477 0.2064 0.3197 0.3433

S SDXL (Podell et al] 2023} 0.5879 0.4687 0.5299 0.2133 0.3119 0.3237
FLUX.1 0.7407 0.5718 0.6922 0.2863 0.3127 0.3703
SD3-Medium 0.8132 0.5885 0.7334 0.3200 0.3140 0.3771
Show-o (Xie et al.|[2024) 0.56 0.41 0.46 0.20 0.30 0.29
Show-o + PARM (Guo et al.| 20255} 0.75 0.56 0.66 0.29 0.31 0.37

g Janus-Pro-1B (Chen etal.|[2025) 0.4922 0.2752 0.3965 0.1284 0.2964 0.3338

S Janus-Pro-1B + T2IRI 0.792440.0015  0.482240.00ss  0.669140.003s 0.315340.0035 0.306440.0003  0-3820.40.0000

~g’ Janus-Pro-1B + IRIS (Ours) 0.7946+0.0002  0.478840.0082 0.675640.0035 0.2909+0.0042 0.310140.0002 0.3793+0.0013

= Janus-Pro-7B (Chen et alJp025 0.6518 0.4364 0.5529 0.1948 0.3097 0.3845
Janus-Pro-7B + T2I-R1 2025]  0.8015:0.0002 0.5661i0.0070 0.708140.0051  0.324610070  0.309010.0002  0-3992+0.0019
Janus-Pro-7B + IRIS (Ours) 0.7921+10.0014 0.515540.0083 0.660810.0025 0.2875+0.0061 0.310010.0003 0.3916+10.0024

(c) WISE
Spatio-Temporal Natural Science
Type Method Culturalt P P Overallf
Time? Space?  Biology? Physicst Chemistryt

SD-v1 (Rombach et al.|[2022 0.34 0.35 0.32 0.28 0.29 0.21 0.32

é;‘ SD-v2 (Rombach et al.|[2022 0.30 0.38 0.35 0.33 0.34 0.21 0.32

g PixArt-a (Chen et al.]2023a) 0.45 0.50 0.48 0.49 0.56 0.34 0.47

O SD-XL (Podell et al'][2023) 0.43 0.48 0.47 0.44 0.45 0.27 0.43
FLUX.1 2024 0.48 0.58 0.62 0.42 0.51 0.35 0.50
Orthus-7B (Kou et al'] 2024) 0.23 0.31 0.38 0.28 0.31 0.20 0.27
Show-o (Xie et al.|[2024) 0.28 0.36 0.40 0.23 0.33 0.22 0.30
VILA-U 0.26 0.33 0.37 0.35 0.39 0.23 0.31

s

3 Janus-Pro-1B (Chen et al.|2025 0.24 0.28 0.43 0.28 0.35 0.15 0.28

< Janus-Pro-1B + T2I-R1 2025 0.3540.01  0.4240.02 0494002 0.36+0.02 0.4340.02 0.2240.01 0.38+0.01

<

S Janus-Pro-1B + IRIS (Ours) 0.3340.02  0.3940.01 0494001 0.3610.01 0.4540.01 0.2240.01 0.3740.01
Janus-Pro-7B (Chen et al']2025) 0.44 0.49 0.60 0.45 0.52 0.27 0.46
Janus-Pro-7B + T2I-R1 2025 0481002 0.524001 0.611002 0.4840.03 0.5640.01 0.2940.01 0.5040.01
Janus-Pro-7B + IRIS (Ours) 0.4840.01 0.511901 0.5940902 0.46+001 0.5510.01 0.2840.01 0.48.40.01
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categories biology, physics, chemistry within natural science of the WISE benchmark, whereas T2I-
R1 demonstrates advantages in tasks related to aesthetics and spatial relations, such as counting
and color attribution in GenEval, shape, texture, and 2D-spatial in T2I-CompBench, and spatio-
temporal in WISE. We attribute this to the fact that T2I-R1 training uses human aesthetic prefer-
ences (HPSv2) and spatial relations (DINO) in the external rewards. Besides, VQA-based rewards,
i.e., GIT and ORM, can help align the images with the prompts in these tasks. The inclusion of these
external rewards can thus benefit related downstream tasks. However, in downstream tasks irrele-
vant to the domain of external rewards, like natural science, T2I-R1 will lose its advantage. In our
external rewards, HPSv2 and DINO are irrelevant to the natural science prompts, and reward models
in VQA-based GIT and ORM also lack sufficient information to score the generated images in these
categories. Therefore, we argue that incentivizing a model’s inherent ability with intrinsic rewards
leads to effective and general exploration and learning than relying on specific external signals.

4.3 ABLATION STUDY

Evaluation metrics We use the four external rewards, namely HPSv2 (Wu et al. [2023),
DINO (Liu et al.l [2024), ORM (Guo et al., [2025b), and GiT (Wang et al., 2022) introduced in
Sec. to evaluate the image generation in the ablation studies. Previously, we used these reward
models to train the baseline T2I-R1 model. However, in our ablation studies on IRIS, we never
use these reward models in the training objectives, so they can be simple and unbiased metrics to
evaluate the performance. We regenerate 553 GenEval prompts to synthesis the images. For each
prompt, we generate four images to reduce noise. We report four averaged rewards on these images
in the ablation studies.

Training with or without semantic CoTs T2I-R1 (Jiang et al., [2025) suggests training with se-
mantic CoTs benefits training by external rewards. We show that training with semantic CoTs also
benefits training by intrinsic rewards. We consider two series of models: (1) Janus-Pro trained by
IRIS, but without semantic CoTs, where we generate 8 images per query in GRPO’s advantage com-
putation. (2) Janus-Pro trained by IRIS (with semantic CoTs), where we generate 8 text strings per
query and subsequent 1 image per text string in GRPO’s advantage computation. Results in [5]show
that training IRIS with semantic CoTs consistently outperforms being without semantic CoTs. In
Fig.[T4] we present some generated figures of training with and without CoTs.
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Figure 5: Ablation study: training with CoT outperforms training without CoT

Maximize or minimize image self-certainty To determine whether image self-certainty should
be maximized or minimized, we conduct three experiments: (1) minimizing text self-certainty only,
(2) minimizing both text and image self-certainty (IRIS), and (3) minimizing text self-certainty and
maximizing image self-certainty. We run GRPO for 800 steps and evaluate four external rewards
every 100 steps. In Figure[6] we show that minimizing both text and image self-certainty improves
performance, whereas minimizing text self-certainty alone has little effect. Interestingly, maximiz-
ing image self-certainty actually degrades performance, causing a rapid drop, which supports our
claim: lower self-certainty improves image generation.

Maximize or minimize text self-certainty To evaluate whether text self-certainty should be max-
imized or minimized, we conduct three experiments: (1) minimizing image self-certainty only, (2)
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Figure 6: Ablation study: minimizing image self-certainty outperforms maximizing it.

minimizing both text and image self-certainty (IRIS), and (3) minimizing image self-certainty and
maximizing text self-certainty. In Figure [/} we show that minimizing image self-certainty only
achieves comparable performance in the early stages, however, it deteriorates rapidly after 200 steps.
Meanwhile, minimizing text self-certainty always outperforms maximizing text self-certainty. This

verifies our claim that maximizing text self-certainty discourages the model from exploring diverse
semantic CoTs, thereby impairing its reasoning ability. In conclusion, minimizing text self-certainty

proves to be a better strategy.
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Figure 7: Ablation study: minimizing text self-certainty outperforms maximizing it.

Forward or backward KL We consider the backward KL divergence formulation of IRIS reward,
IRISCm(Ot|qa O<t) = 7KL(7T9 (Ot|Q7 0<t)||U) - EIltI‘Opy(’/Tg (Ot|Q7 O<t)) - log |U|)

where |U| is the vocabulary size. Compared with minimizing the forward KL divergence with
respect to the uniform distribution, minimizing the backward KL divergence is equivalent to max-
imizing the entropy. In Fig.[8] we show that backward KL divergence formulation is subpar to the
forward counterpart, which is consistent with previous findings that self-certainty behaves better

than entropy for the model’s intrinsic self-certainty (Zhao et al.| [2025b; [Kang et al, 2025).
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Figure 8: Ablation study: forward KL outperforms backward KL.
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Training with or without RL The objective we aim to maximize NSC(ot|q,0<;) =
KL(U||mg(ot|q, 0<¢)) is differentiable with respect to the model parameters. Therefore, it is nat-
ural to ask if it is necessary to adopt RL to maximize the objective, since we can directly maximize
the NSC. The objective is then to maximize the following objective:

o]

G
InsC-direct(0) = E 4~P(Q), é Z L Z {NSC(0;,4]q, 05,<¢) — BKL(mg||mret) }
O={o:}L ~may, (la) ~ i=1 2 t=1
i=1 old
We adopt the same training configurations with our main experiments. In Fig.[0] we observe that
directly maximizing the NSC will lead to model collapse. We explain this difference in the fol-
lowing: GRPO employs a more conservative strategy by first generating a batch of responses and
then aligning with the largest NSC. However, directly optimizing the NSC might adopt a more ag-
gressive update that may hurt the performance. Furthermore, aligning with prior work on intrinsic
rewards (Zhao et al.|, [2025b; [Zhang et al. 2025a)), using RL to optimize a differentiable intrinsic

reward is a standard practice.
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Figure 9: Ablation study: Optimizing with RL is more effective than directly maximizing the NSC.

4.4 FURTHER DISCUSSIONS

In this work, we examine our intrinsic reward strategy, IRIS, on Janus-Pro, an autoregressive text-
to-image model. While large language models have largely been dominated by the decoder-only
architectures, the text-to-image models are far more diverse. They include a variety of competing
model architectures such as continuous diffusion models (Zhou et al.|, |2024), masked-modeling ap-
proaches (Xie et al., 2024), and MAE-style models (Tong et al., 2024), with no single architecture
having dominated. Therefore, exploring how intrinsic reward can be adapted and applied across
these architectures is an interesting direction for future research.

5 CONCLUSION

In this paper, we proposed IRIS, a method that optimizes text-to-image models by leveraging neg-
ative self-certainty (NSC) as an intrinsic reward. Unlike RLHF or RLVF, our method doesn’t need
any human labeling or domain specific verifier, making it more scalable and easily generalizable to
various domains. Our key intuition comes from the observation that less self-confident T2I mod-
els are more likely to generate visually rich and colorful images. Experiments demonstrate that
IRIS achieves results comparable to verifiable external rewards, and even better results in the initial
learning. Our work shows that contrary to the popular belief that higher self-certainty is generally
beneficial for language reasoning, lower self-certainty encourages the generation of more visually
rich and colorful images. Our work highlights the different roles of self-certainty in different modal-
ities, offering a potential guideline for the development of future multimodal generative models.

ETHICS STATEMENT

Our work on text-to-image generation is committed to responsible Al development and adheres to
standard academic and ethical practices. We recognize the potential for misuse of text-to-image gen-
eration models, including the generation of misleading or harmful content such as deepfakes. This
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particular project does not involve human subjects or raise concerns regarding data privacy, bias, or
fairness in its current scope. Our research focuses on foundational architectural and training method-
ologies, with no direct application to the creation of sensitive or personally identifiable imagery. We
are dedicated to ensuring that our research contributes to the safe and beneficial advancement of Al
and are actively exploring methods to detect and prevent malicious applications of vision models.

REPRODUCIBILITY STATEMENT

To ensure reproducibility of our results, we provide the following resources: (1) complete imple-
mentation details and hyperparameters are described in Sec.[d.T]and Appx.[B.T} (2) all benchmarks
and models used in our experiments are publicly available and properly cited with access informa-
tion provided in Sec. and Appx.|A} and (3) source code will be made available upon publication
to facilitate replication of our experimental results.

THE USE OF LARGE LANGUAGE MODELS (LLMS)

We used a large language model (LLM) for assistance. Its primary roles were to aid in polishing
the grammar and improving the style of the text throughout the paper. Following its generation, the
authors carefully reviewed, edited, and rewrote the content to ensure its accuracy and alignment with
the paper’s standards. The authors take full responsibility for all content presented in this work.

REFERENCES

Shivam Agarwal, Zimin Zhang, Lifan Yuan, Jiawei Han, and Hao Peng. The unreasonable effec-
tiveness of entropy minimization in llm reasoning. arXiv preprint arXiv:2505.15134, 2025.

James Betker, Gabriel Goh, Li Jing, Tim Brooks, Jianfeng Wang, Linjie Li, Long Ouyang, Juntang
Zhuang, Joyce Lee, Yufei Guo, et al. Improving image generation with better captions. Computer
Science. https://cdn. openai. com/papers/dall-e-3. pdf, 2(3):8, 2023.

Junsong Chen, Jincheng Yu, Chongjian Ge, Lewei Yao, Enze Xie, Yue Wu, Zhongdao Wang, James
Kwok, Ping Luo, Huchuan Lu, and Zhenguo Li. Pixart-a: Fast training of diffusion transformer
for photorealistic text-to-image synthesis, 2023a.

Junsong Chen, Jincheng Yu, Chongjian Ge, Lewei Yao, Enze Xie, Yue Wu, Zhongdao Wang, James
Kwok, Ping Luo, Huchuan Lu, et al. Pixart-alpha: Fast training of diffusion transformer for
photorealistic text-to-image synthesis. arXiv preprint arXiv:2310.00426, 2023b.

Kai Chen, Jiaqi Wang, Jiangmiao Pang, Yuhang Cao, Yu Xiong, Xiaoxiao Li, Shuyang Sun, Wansen
Feng, Ziwei Liu, Jiarui Xu, et al. Mmdetection: Open mmlab detection toolbox and benchmark.
arXiv preprint arXiv:1906.07155, 2019.

Xiaokang Chen, Zhiyu Wu, Xingchao Liu, Zizheng Pan, Wen Liu, Zhenda Xie, Xingkai Yu, and
Chong Ruan. Janus-pro: Unified multimodal understanding and generation with data and model
scaling. arXiv preprint arXiv:2501.17811, 2025.

Bowen Cheng, Ishan Misra, Alexander G Schwing, Alexander Kirillov, and Rohit Girdhar. Masked-
attention mask transformer for universal image segmentation. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition, pp. 1290-1299, 2022.

Paul F Christiano, Jan Leike, Tom Brown, Miljan Martic, Shane Legg, and Dario Amodei. Deep
reinforcement learning from human preferences. Advances in neural information processing sys-

tems, 30, 2017.

Patrick Esser, Sumith Kulal, Andreas Blattmann, Rahim Entezari, Jonas Miiller, Harry Saini, Yam
Levi, Dominik Lorenz, Axel Sauer, Frederic Boesel, et al. Scaling rectified flow transformers
for high-resolution image synthesis. In Forty-first international conference on machine learning,
2024a.

11



Under review as a conference paper at ICLR 2026

Patrick Esser, Sumith Kulal, Andreas Blattmann, Rahim Entezari, Jonas Miiller, Harry Saini, Yam
Levi, Dominik Lorenz, Axel Sauer, Frederic Boesel, Dustin Podell, Tim Dockhorn, Zion En-
glish, Kyle Lacey, Alex Goodwin, Yannik Marek, and Robin Rombach. Scaling rectified flow
transformers for high-resolution image synthesis, 2024b. URL https://arxiv.org/abs/
2403.032006.

Lizhe Fang, Yifei Wang, Zhaoyang Liu, Chenheng Zhang, Stefanie Jegelka, Jinyang Gao, Bolin
Ding, and Yisen Wang. What is wrong with perplexity for long-context language modeling?
arXiv preprint arXiv:2410.23771, 2024.

Yuying Ge, Sijie Zhao, Jinguo Zhu, Yixiao Ge, Kun Yi, Lin Song, Chen Li, Xiaohan Ding, and Ying
Shan. Seed-x: Multimodal models with unified multi-granularity comprehension and generation.
arXiv preprint arXiv:2404.14396, 2024.

Dhruba Ghosh, Hannaneh Hajishirzi, and Ludwig Schmidt. Geneval: An object-focused framework
for evaluating text-to-image alignment. Advances in Neural Information Processing Systems, 36:
52132-52152, 2023.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu,
Shirong Ma, Peiyi Wang, Xiao Bi, et al. Deepseek-r1: Incentivizing reasoning capability in llms
via reinforcement learning. arXiv preprint arXiv:2501.12948, 2025a.

Ziyu Guo, Renrui Zhang, Chengzhuo Tong, Zhizheng Zhao, Peng Gao, Hongsheng Li, and Pheng-
Ann Heng. Can we generate images with cot? let’s verify and reinforce image generation step by
step. arXiv preprint arXiv:2501.13926, 2025b.

Dan Hendrycks, Collin Burns, Saurav Kadavath, Akul Arora, Steven Basart, Eric Tang, Dawn Song,
and Jacob Steinhardt. Measuring mathematical problem solving with the math dataset. arXiv
preprint arXiv:2103.03874, 2021.

Jingcheng Hu, Yinmin Zhang, Qi Han, Daxin Jiang, Xiangyu Zhang, and Heung-Yeung Shum.
Open-reasoner-zero: An open source approach to scaling up reinforcement learning on the base
model. arXiv preprint arXiv:2503.24290, 2025.

Kaiyi Huang, Kaiyue Sun, Enze Xie, Zhenguo Li, and Xihui Liu. T2i-compbench: A compre-
hensive benchmark for open-world compositional text-to-image generation. Advances in Neural
Information Processing Systems, 36:78723-78747, 2023.

Kaiyi Huang, Chengqi Duan, Kaiyue Sun, Enze Xie, Zhenguo Li, and Xihui Liu. T2i-compbench++:
An enhanced and comprehensive benchmark for compositional text-to-image generation. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 2025.

Aaron Hurst, Adam Lerer, Adam P Goucher, Adam Perelman, Aditya Ramesh, Aidan Clark, AJ Os-
trow, Akila Welihinda, Alan Hayes, Alec Radford, et al. Gpt-4o system card. arXiv preprint
arXiv:2410.21276, 2024.

Dongzhi Jiang, Ziyu Guo, Renrui Zhang, Zhuofan Zong, Hao Li, Le Zhuo, Shilin Yan, Pheng-Ann
Heng, and Hongsheng Li. T2i-r1: Reinforcing image generation with collaborative semantic-level
and token-level cot. arXiv preprint arXiv:2505.00703, 2025.

Zhewei Kang, Xuandong Zhao, and Dawn Song. Scalable best-of-n selection for large language
models via self-certainty. arXiv preprint arXiv:2502.18581, 2025.

Timo Kaufmann, Paul Weng, Viktor Bengs, and Eyke Hiillermeier. A survey of reinforcement
learning from human feedback. arXiv preprint arXiv:2312.14925, 2023.

Siqi Kou, Jiachun Jin, Zhihong Liu, Chang Liu, Ye Ma, Jian Jia, Quan Chen, Peng Jiang, and Zhijie
Deng. Orthus: Autoregressive interleaved image-text generation with modality-specific heads.
arXiv preprint arXiv:2412.00127, 2024.

Black Forest Labs. Flux. https://github.com/black—forest—labs/flux, 2024.

Nathan Lambert, Louis Castricato, Leandro von Werra, and Alex Havrilla. Reinforcement learning
with verifiable rewards. arXiv preprint arXiv:2309.13058, 2023.

12


https://arxiv.org/abs/2403.03206
https://arxiv.org/abs/2403.03206
https://github.com/black-forest-labs/flux

Under review as a conference paper at ICLR 2026

Bo Li, Yuanhan Zhang, Dong Guo, Renrui Zhang, Feng Li, Hao Zhang, Kaichen Zhang, Yanwei
Li, Ziwei Liu, and Chunyuan Li. Llava-onevision: Easy visual task transfer. arXiv preprint
arXiv:2408.03326, 2024a.

Bo Li, Yuanhan Zhang, Dong Guo, Renrui Zhang, Feng Li, Hao Zhang, Kaichen Zhang, Peiyuan
Zhang, Yanwei Li, Ziwei Liu, et al. Llava-onevision: Easy visual task transfer. arXiv preprint
arXiv:2408.03326, 2024b.

Junnan Li, Dongxu Li, Caiming Xiong, and Steven Hoi. Blip: Bootstrapping language-image pre-
training for unified vision-language understanding and generation. In International Conference
on Machine Learning, pp. 12888-12900. PMLR, 2022.

Jie Liu, Gongye Liu, Jiajun Liang, Yangguang Li, Jiaheng Liu, Xintao Wang, Pengfei Wan,
Di Zhang, and Wanli Ouyang. Flow-grpo: Training flow matching models via online rl. arXiv
preprint arXiv:2505.05470, 2025.

Shilong Liu, Zhaoyang Zeng, Tianhe Ren, Feng Li, Hao Zhang, Jie Yang, Qing Jiang, Chunyuan
Li, Jianwei Yang, Hang Su, et al. Grounding dino: Marrying dino with grounded pre-training
for open-set object detection. In European conference on computer vision, pp. 38-55. Springer,
2024.

Yuwei Niu, Munan Ning, Mengren Zheng, Weiyang Jin, Bin Lin, Peng Jin, Jiaqi Liao, Chaoran
Feng, Kunpeng Ning, Bin Zhu, et al. Wise: A world knowledge-informed semantic evaluation
for text-to-image generation. arXiv preprint arXiv:2503.07265, 2025.

Long Ouyang, Jeff Wu, Xu Jiang, Diogo Almeida, Carroll L Wainwright, Pamela Mishkin, Chong
Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, et al. Training language models to follow
instructions with human feedback. Advances in Neural Information Processing Systems, 35:
27730-27744, 2022.

Dustin Podell, Zion English, Kyle Lacey, Andreas Blattmann, Tim Dockhorn, Jonas Miiller, Joe
Penna, and Robin Rombach. Sdxl: Improving latent diffusion models for high-resolution image
synthesis. arXiv preprint arXiv:2307.01952, 2023.

Archiki Prasad, Weizhe Yuan, Richard Yuanzhe Pang, Jing Xu, Maryam Fazel-Zarandi, Mohit
Bansal, Sainbayar Sukhbaatar, Jason Weston, and Jane Yu. Self-consistency preference opti-
mization. arXiv preprint arXiv:2411.04109, 2024.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual
models from natural language supervision. In International conference on machine learning, pp.
8748-8763. PmLR, 2021.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Bjorn Ommer. High-
resolution image synthesis with latent diffusion models. In Proceedings of the IEEE/CVF confer-
ence on computer vision and pattern recognition, pp. 10684—10695, 2022.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, Junxiao Song, Xiao Bi, Haowei Zhang,
Mingchuan Zhang, YK Li, Yang Wu, et al. Deepseekmath: Pushing the limits of mathemati-
cal reasoning in open language models. arXiv preprint arXiv:2402.03300, 2024.

Gemini Team, Rohan Anil, Sebastian Borgeaud, Jean-Baptiste Alayrac, Jiahui Yu, Radu Soricut,
Johan Schalkwyk, Andrew M Dai, Anja Hauth, Katie Millican, et al. Gemini: a family of highly
capable multimodal models. arXiv preprint arXiv:2312.11805, 2023.

Tongyi DeepResearch Team, Baixuan Li, Bo Zhang, Dingchu Zhang, Fei Huang, Guangyu Li,
Guoxin Chen, Huifeng Yin, Jialong Wu, Jingren Zhou, et al. Tongyi deepresearch technical
report. arXiv preprint arXiv:2510.24701, 2025.

Shengbang Tong, David Fan, Jiachen Zhu, Yunyang Xiong, Xinlei Chen, Koustuv Sinha, Michael

Rabbat, Yann LeCun, Saining Xie, and Zhuang Liu. Metamorph: Multimodal understanding and
generation via instruction tuning. arXiv preprint arXiv:2412.14164, 2024.

13



Under review as a conference paper at ICLR 2026

Bram Wallace, Meihua Dang, Rafael Rafailov, Linqi Zhou, Aaron Lou, Senthil Purushwalkam,
Stefano Ermon, Caiming Xiong, Shafiq Joty, and Nikhil Naik. Diffusion model alignment using
direct preference optimization. In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pp. 8228-8238, 2024.

Jianfeng Wang, Zhengyuan Yang, Xiaowei Hu, Linjie Li, Kevin Lin, Zhe Gan, Zicheng Liu, Ce Liu,
and Lijuan Wang. Git: A generative image-to-text transformer for vision and language. arXiv
preprint arXiv:2205.14100, 2022.

Xinyu Wei, Jinrui Zhang, Zeqing Wang, Hongyang Wei, Zhen Guo, and Lei Zhang. Tiif-bench:
How does your t2i model follow your instructions? arXiv preprint arXiv:2506.02161, 2025.

Xiaoshi Wu, Yiming Hao, Keqiang Sun, Yixiong Chen, Feng Zhu, Rui Zhao, and Hongsheng Li.
Human preference score v2: A solid benchmark for evaluating human preferences of text-to-
image synthesis. arXiv preprint arXiv:2306.09341, 2023.

Yecheng Wu, Zhuoyang Zhang, Junyu Chen, Haotian Tang, Dacheng Li, Yunhao Fang, Ligeng
Zhu, Enze Xie, Hongxu Yin, Li Yi, et al. Vila-u: a unified foundation model integrating visual
understanding and generation. arXiv preprint arXiv:2409.04429, 2024.

Jinheng Xie, Weijia Mao, Zechen Bai, David Junhao Zhang, Weihao Wang, Kevin Qinghong Lin,
Yuchao Gu, Zhijie Chen, Zhenheng Yang, and Mike Zheng Shou. Show-o: One single transformer
to unify multimodal understanding and generation. arXiv preprint arXiv:2408.12528, 2024.

Jiazheng Xu, Xiao Liu, Yuchen Wu, Yuxuan Tong, Qinkai Li, Ming Ding, Jie Tang, and Yuxiao
Dong. Imagereward: Learning and evaluating human preferences for text-to-image generation.
Advances in Neural Information Processing Systems, 36:15903—15935, 2023.

Jiazheng Xu, Yu Huang, Jiale Cheng, Yuanming Yang, Jiajun Xu, Yuan Wang, Wenbo Duan, Shen
Yang, Qunlin Jin, Shurun Li, et al. Visionreward: Fine-grained multi-dimensional human prefer-
ence learning for image and video generation. arXiv preprint arXiv:2412.21059, 2024.

Siming Yan, Min Bai, Weifeng Chen, Xiong Zhou, Qixing Huang, and Li Erran Li. Vigor: Im-
proving visual grounding of large vision language models with fine-grained reward modeling. In
European Conference on Computer Vision, pp. 37-53. Springer, 2024.

An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan Li,
Dayiheng Liu, Fei Huang, Haoran Wei, Huan Lin, Jian Yang, Jianhong Tu, Jianwei Zhang,
Jianxin Yang, Jiaxi Yang, Jingren Zhou, Junyang Lin, Kai Dang, Keming Lu, Keqin Bao, Kexin
Yang, Le Yu, Mei Li, Mingfeng Xue, Pei Zhang, Qin Zhu, Rui Men, Runji Lin, Tianhao Li,
Tingyu Xia, Xingzhang Ren, Xuancheng Ren, Yang Fan, Yang Su, Yichang Zhang, Yu Wan,
Yugiong Liu, Zeyu Cui, Zhenru Zhang, and Zihan Qiu. Qwen2.5 technical report. arXiv preprint
arXiv:2412.15115, 2024a.

Chenglin Yang, Celong Liu, Xueqing Deng, Dongwon Kim, Xing Mei, Xiaohui Shen, and Liang-
Chieh Chen. 1.58-bit flux. arXiv preprint arXiv:2412.18653, 2024b.

Qingyang Zhang, Haitao Wu, Changqing Zhang, Peilin Zhao, and Yatao Bian. Right question
is already half the answer: Fully unsupervised llm reasoning incentivization. arXiv preprint
arXiv:2504.05812, 2025a.

Yanzhi Zhang, Zhaoxi Zhang, Haoxiang Guan, Yilin Cheng, Yitong Duan, Chen Wang, Yue Wang,
Shuxin Zheng, and Jiyan He. No free lunch: Rethinking internal feedback for 1lm reasoning.
arXiv preprint arXiv:2506.17219, 2025b.

Siyan Zhao, Devaansh Gupta, Qinging Zheng, and Aditya Grover. d1: Scaling reasoning in diffusion
large language models via reinforcement learning. arXiv preprint arXiv:2504.12216, 2025a.

Xuandong Zhao, Zhewei Kang, Aosong Feng, Sergey Levine, and Dawn Song. Learning to reason
without external rewards. arXiv preprint arXiv:2505.19590, 2025b.

Chunting Zhou, Lili Yu, Arun Babu, Kushal Tirumala, Michihiro Yasunaga, Leonid Shamis, Jacob
Kahn, Xuezhe Ma, Luke Zettlemoyer, and Omer Levy. Transfusion: Predict the next token and
diffuse images with one multi-modal model. arXiv preprint arXiv:2408.11039, 2024.

14



Under review as a conference paper at ICLR 2026

Xingyi Zhou, Vladlen Koltun, and Philipp Kriahenbiihl. Simple multi-dataset detection. In Proceed-
ings of the IEEE/CVF conference on computer vision and pattern recognition, pp. 7571-7580,
2022.

Yuxin Zuo, Kaiyan Zhang, Li Sheng, Shang Qu, Ganqu Cui, Xuekai Zhu, Haozhan Li, Yuchen
Zhang, Xinwei Long, Ermo Hua, et al. Ttrl: Test-time reinforcement learning. arXiv preprint
arXiv:2504.16084, 2025.

15



Under review as a conference paper at ICLR 2026

A BENCHMARKS AND REWARD MODELS

In this section, we give a detailed description of the benchmarks and external reward models we
used in the main paper.

A.1 BENCHMARKS

GenEval (Ghosh et al., 2023) GenEval is a object-centric framework for evaluating T2I models.
First, we use the model to generate images based on testing prompts, which are divided into 6 cate-
gories: (1) Single Object (2) Two Objects (3) Colors (4) Counting (5) Position (6) Color Attribution.
After image generation, we use an object detector (Chen et al., [2019; |(Cheng et al.| 2022)) to detect
the targeted objects and CLIP ViT-L/14 to classify the object color. Each image receives a binary
score indicating whether the described object is rendered correctly. Our evaluation is based on the
553 instructions in the GenEval’s evaluation set. For each instruction, our model generates four
candidate images, and we report the averaged score in one category.

T2I-CompBench (Huang et al., 2023) T2I-CompBench is a compositional text-to-image gen-
eration framework for evaluating T2I models. For the attribute-binding task, we use disentangled
BLIP-VQA (Li et al., | 2022)) on three attributes: color, shape and texture. For the object relationship,
we use UniDet (Zhou et al., 2022) for 2D-spatial relationship evaluation, and CLIPScore Radford!
et al.[(2021)) for non-spatial relationship evaluation. In summary, we use the we a 3-in-1 evaluation
metric complex which computes the average score of CLIPScore, Disentangled BLIP-VQA, and
UniDet, as the evaluation metric for complex compositions. Our evaluation is based on the 300 in-
structions in the T2I-CompBench’s evaluation set of each attribute. For each instruction, our model
generates four candidate images, and we report the averaged score of each attribute.

WISE (Niu et al.,2025) WISE (World Knowledge-Informed Semantic Evaluation) is a compre-
hensive benchmark designed to evaluate the ability of T2I models to integrate and apply real-world
knowledge beyond merely word-to-pixel matching. It consists of 1,000 prompts spanning three main
categories: cultural common sense, spatio-temporal reasoning, and natural science. The spatio-
temporal reasoning category is further divided into time and space, while natural science includes
biology, physics, and chemistry. WISE introduces WiScore, a scoring metric that uses GPT-40 to
quantify consistency (accuracy in depicting the prompt’s content), realism (visual plausibility), and
aesthetic quality (composition and visual appeal). We report the average score of each category.

TIIF-Bench (Wei et al., 2025) TIIF-Bench (Text-to-Image Instruction Following Benchmark)
is a comprehensive, and difficulty-graded benchmark designed to assess modern T2I models’
ability to follow complex textual instructions, addressing limitations like simplistic prompts and
coarse evaluation found in prior benchmarks. It has three major catgeries: Basic Following (At-
tribute, Relation, Reasoning), Advanced Following (Attribute+Relation,Attribute+Reasoning, Rela-
tion+Reasoning,Style,Text), and Real World Following. For each prompt, this benchmark contains
the short and long versions to more systematically evaluate the model’s ability to follow short and
long instructions.

A.2 REWARD MODELS

Human Preference Model (HPSv2): To capture a generalized sense of image quality, we utilize
a reward function derived from a Human Preference Model, HPSv2 (Wu et al., |[2023)). It is trained
to learn human aesthetic preferences by learning from vast datasets of Al-generated images ranked
by human annotators. When evaluating a new image, the model considers both its faithfulness to the
text prompt and its overall visual appeal. These two factors are combined into a single score, which
provides a comprehensive measure of the image’s success.

Object Detector (DINO): We employ an object detector, GroundingDINO (Liu et al., 2024)) as
a specialized "vision expert" to assess how accurately a generated image reflects the compositional
elements of its prompt. This evaluation focuses on three key aspects: the existence of objects, their
specified count, and their spatial relationships.
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First, we parse the text prompt to create a target list of all mentioned objects {o;}X ;. The object
detector then analyzes the generated image to locate these objects.

* Spatial relationships: If a prompt describes a spatial arrangement (e.g., "a cup to the left
of a book"), we use the detected bounding boxes of the objects. We then calculate metrics
like their relative distance and Intersection over Union (IoU) to produce a spatial accuracy
score, Rpatial-

* Object count: Otherwise, if the prompt specifies a particular number of an object, n,,,
(e.g., "three cats"), we compare this target to the number detected by the model, 71, .

* Object existence: Otherwise, for each of the K target objects, we assign a binary score—1
if the object is detected in the image and 0 if it is not.

By combining these evaluations, the total reward from the object detector, Rpe, is determined as:

ORgpatial + (1 — ) 3 Zfil I(o; detected), if spatial relationship in the prompt,
Rpe =14 2 S (10, = 7io,), if number in the prompt,
LS™K 1(o; detected), else,

n
where Rgpaial 18 1 if the relative distance between the objects is larger than a threshold and the
direction is right. If the direction is wrong, the reward is 0. Otherwise, we use the IoU as the spatial
reward. We set « as 0.6 to encourage the correctness of the spatial relationship.

Visual Question Answering Model (GIT): We employ a Visual Question Answering (VQA)
model, GIT (Wang et al}[2022)), to assess the presence and attributes of objects in generated images
by answering image-related questions. The model is trained on question—answer pairs derived from
visual content.

Our methodology involves transforming the image prompt into a series of targeted questions. For
example, a prompt such as a blue bird and a red horse is decomposed into individual queries like
“Is there a blue bird?” and “Is there a red horse?”. For each query ¢, we extract the model’s output
probabilities for the answers “Yes” (P¢,,) and “No” (BY,).

The final reward score, Rvyqa, i computed by averaging the normalized probability of a “Yes”
answer over all K queries derived from the prompt. This is formally defined as:

K .

1 P
Rvga = = D 5o
K PYes+PNo

i=1

Output Reward Model (ORM): We incorporate an Output Reward Model (ORM) (Guo et al.,
2025b) to provide an assessment of complete prompt-image alignment. The ORM is a Large Mul-
timodal Model (LMM), such as LLaVA-OneVision (Li et al.l [2024a), that has been specifically
fine-tuned for this purpose. The fine-tuning objective instructs the model to act as a binary evalu-
ator, outputting “Yes” only if the generated image perfectly aligns with the entire text prompt, and
“No” otherwise.

The calculation of the reward, Rogrwm, is similar to the VQA-based reward. The primary difference is
that we provide the complete, original prompt to the ORM as a single query rather than decomposing
it. The reward is thus the normalized probability of the model returning a “Yes” response for the
complete prompt-image pair:

P Yes

Ropy = ——2 .
ORM PYes+PNo

B ADDITIONAL EXPERIMENTS DETAILS

B.1 EXTERNAL REWARD TRAINING INFLUENCE SELF-CERTAINTY

We give the experiment details omitted in Sec. [T]and Fig.
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Image generation model We adopt Janus-Pro-1B (Chen et al.; 2025) and Janus-Pro-7B as our im-
age generation model. We finetune it for 1000 steps, using Generative Reward Process Optimization
(GRPO) (Shao et al| 2024). We use the sum of the four external rewards described in Appx.[A.2]
Training is distributed across 4 NVIDIA A6000 GPUs, managed by t orchrun and optimized with
DeepSpeed’s ZeRO stage 3, bf loat 16 mixed precision, and FlashAttention-2.

Text generation model We adopt Qwen2.5-1.5B-Instruct (Yang et al., 2024a) as our text model.
We finetune it for 5000 steps on MATH-lighteval (Hendrycks et al.,|2021)), using Generative Reward
Process Optimization (GRPO) (Shao et al.,|2024). We use accuracy, format and tag count as our ex-
ternal rewards (Shao et al.,[2024)). Training is distributed across 4 NVIDIA A6000 GPUs, managed
by torchrun and optimized with DeepSpeed’s ZeRO stage 3, bf1oat 16 mixed precision, and

FlashAttention-2.

B.2 RESULTS ON JANUS-PRO-7B

IRIS (intrinsic) —e— T2I-R1 (external)

GenEval T2I-CompBench WISE
0.78 Q o a
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Figure 10: Main results of Janus-Pro-7B on GenEval, T2I-CompBench and WISE.

B.3 SUB-CATEGORY SCORES IN BENCHMARKS

We give the sub-category score of three different benchmarks in Fig. [TT]and Fig. [I2} We discover
that IRIS is comparable in the T2I-CompBench and WISE benchmarks. More over, we discover that
RL finetuning will boost the 1B-sized model more than the 7B-sized model.

B.4 TEXTUAL GENERATION RESULTS

Fig. [T3]illustrates that semantic CoTs generated by the model trained with intrinsic rewards at the
step O (the base model), step 400, and step 800. We find that RL finetuning on intrinsic rewards can

incentivize the emergence of long-form reasoning.

B.5 HUMAN EVALUATION

For the human evaluation, we randomly sample 100 prompts from the three benchmarks (WISE,
T2I-Compbench, GenEval). Due to limited resources, we only evaluated three checkpoints: (1)
Janus-Pro-1B (base generation model), (2) T2I-R1 (external reward): Janus-Pro-1B finetuned
with four external rewards, and (3) IRIS (internal reward): Janus-Pro-1B finetuned with our in-
trinsic reward. For (2) and (3), we use the best checkpoints selected on WISE. We then ask 9 human
evaluators to choose the best image among the three for each prompt and record the number of
times each model is upvoted. The results are reported in Tab.[2] Our method achieves performance

comparable to the external-reward-based model.

B.6 IMAGE GENERATION RESULTS

In Fig.[T4] we present some examples in GenEval, T2I-CompBench and WISE. The base model is
Janus-Pro 1B. We find that IRIS could improve the image generation ability.
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Figure 11: Subscores of Janus-Pro-1B on GenEval, T2I-CompBench and WISE
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Single object

Prompt: a photo of a computer keyboard

Step 0: Here is a 50-word, concise visualization of the prompt: A laptop keyboard in black
and white.

Step 400: A computer keyboard with a white keyboard, green keys labeled *A’ through
’Z’, blue arrow keys with numbers from ’0’ to ’9’, and functional keys arranged
in a standard QWERTY layout.

Step 800: Here is a visualization of a photo of a computer keyboard: A photo of a com-
puter keyboard in the foreground, a white screen in the background, and a black
keys with numeric keys on the right-hand side. The keys have a black background,
and the numbers on them are blue with thick black borders. The screen is white
with a faint grid pattern in the middle. Space is arranged uniformly around the
keyboard, giving the image a clean and organized appearance. The keys on the
keyboard are arranged in a logical pattern of function with the arrow keys high-
lighted. No extraneous text is present in this image.

Color attribution

Prompt: a photo of an orange traffic light and a white toilet

Step 0: [Image of an orange traffic light with "STOP" written on it] [Image of a white
toilet with the label "TOILET" written on it]

Step 400: A close-up photo showcasing an orange traffic light with a white toilet in the
background. The orange traffic light features a reflective surface with a glossy
sheen, the toilet has a smooth, ceramic texture with a typical white finish, placed
in front of a wooden fence.

Step 800: The image shows an orange traffic light and a white toilet, with the traffic light
at the center and the toilet positioned to the top right side of the image. The traffic
light is rectangular with orange stripes and a lit bulb, and the toilet is round with
white walls, a white seat, and a large opening. The contrast between the bright
orange and white colors creates a striking visual, with the traffic light standing out
as the primary object while adding a touch of humor to the mundane scene.

Position

Prompt: a photo of a couch below a potted plant

Step 0: Here is a 50-word, concise visualization of the prompt: A photo of a couch below
a potted plant with a gradient background transitioning from green to blue.

Step 400: A cozy-looking couch with light brown and beige tones is adorned below a small
green potted plant with smooth, rounded leaves. The couch features a cushiony
fabric, and the plant’s vibrant green complements its natural appearance. The
scene is vibrant and lively, set in a bright, sunlit room.

Step 800: The image shows a couch and a potted plant positioned underneath one another,
both in a living room setting. The color of both elements is green, the couch
is light brown in color with a wood texture, and the plant has a vibrant green
color without any visible leaves. Shape-wise, the couch is rectangular, while the
potted plant is round with a leafy texture. There is a faint background of neutral
colors, emphasizing the contrast between the couch and the plant. The relationship
between the elements is that the plant is in an angled position in front of the couch,
complementing the shape and placement of the sitting furniture.

Figure 13: Examples of semantic CoTs given the prompts in the three categories: single object,
color attribution and position.
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Method Janus-Pro-1B  T2I-R1 External reward IRIS (Internal reward)
Rate 0.13 0.42 0.45

Table 2: Human evaluation results

Base model External w. CoT IRIS w.o. CoT IRIS with CoT

2

o ~
(8] __-.
o 0
o« O
© 0
22
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ball” (Two Obj.)
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(a) GenEval.
Base model External w. CoT IRIS w.o. CoT IRIS with CoT
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a lamp” (Spatial)

w

A wooden door and a
glass.” (Texture)

w

holder” (Shape)

A cylindrical candle and
a pentagonal candle

w

(b) T2I-CompBench.

Figure 14: Examples of generated images (part 1).
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Base model External w. CoT IRIS w.o. CoT IRIS with CoT

Francisco

(Cultural knowledge)

An iconic bridge, known for
its red hue and location
over a famous bay in San

“

twins.” (Biology)

“Siblings of identical

construction of traditional
houses in the country where
Kyoto is located” (Space)

The main material used in the

(c) WISE.

Figure 14: Examples of generated images (part 2).

B.7 TIIF-BENCH

We conduct additional experiments on TIIF-Bench, and present results in Tab.[3] We use the testmini
prompts, but run each prompt 4 times to average the performance.

Table 3: “Und.” and “Gen.” denote “understanding” and “generation”, respectively. We report the
scores of the last checkpoint of the T2I-R1 and IRIS.

Basic Following Advanced Following Designer
Type  Model Overall
ype A Aurib Rel N N A Auribute Attribute Relation Sul T Real
Ve ribute clation casoning ve +Relation  +Reasoning _ +Reasoning Swie o World
shot_long short long short long short long short long short long short long short long shot long short long  shot long short long

44.90 3782 4132 5884 5246 40.22 47.09 50.00 76.67 0.00 083 4570 53.16
36.22 4782 3557 56.22 4534 5259 36.09 7333 60.00 1683 083 5092 4159
68.51 67.07 7369 7384 7334 69.00 7159 6667 66.67 4383 5283 7072 TLAT
66.49 6654 7751 57.92 6232 6146 6353 S0.00 73.33 7164 64.93

4437 5050 5550 6100 52.33 5633 63.82 7407 50.32 525
5496 4213 6572 5328 59.33 50.83 77.57 6257 60.32
TL09 TLTS 8312 78.65 8705 8317 8725 8039 75.01

7017 66.19 8020 7520 8450 77.00 7890 7751 77.21

Gen. Only
cmes
ZESE
zxTa
g 1=p
sggi

50.72 5886 73.08 7583 7483 TO.83 TS82 7832 6557 60.32 5367 50.38 6095 5682 6850 6896 66.46 5622 6333 66.67 383 283 55.02 5092
JanusPro-TB {Chen Tt 6129 60.91 6656 7132 67.38 70.62 68.68 7894 63.63 6430 5310 60.15 5923 6408 5361 6266 5460 6230 2250 3833 17.09 1312 6129 60.91

Und. & Gen.

= b ;'B*TZ"R' 6418 69.50 7341 7319 7238 7038 79.38 7698 6847 7221 6L79 6407 6809 67.20 60.39 67.38 66.76 6728 2333 36.67 2127 1414 6418 69.50
+lR]S(0urs7 69.64 6642 7391 7446 7481 75.00 7945 7767 67.45 70.71 60.03 6384 6657 69.07 50.02 68.00 6354 6280 2833 40.00 1940 1290 69.64 6642

== IRIS (intrinsic)

B.8 CONTINUOUS TRAINING RESULTS

We perform experiments to examine whether
IRIS can continuously obtain performance gains
throughout the training process. To this end, we 0ss
train IRIS on Janus-Pro-1B for 1600 steps and
evaluate the checkpoints on the GenEval bench- -
mark. The results are shown in Fig. [T5} Intrin- T T aining steps
sic rewards substantially improve performance in

the early stages of training, but the performance Figure 15: Continuing training results. The per-
gradually degrades as training progresses, which formance will drop when continuing training, but
is also reported by [Zhang et al.|(2025b). still higher than the base model.
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C LIMITATIONS
‘We discuss several limitations in this work.

Autoregressive models Our method is currently limited to autoregressive (AR) text-to-image
models. The primary reason is that its foundation in RL requires calculating the next-
token probability distribution. Applying RL to other types of text-to-image models, such as
flow matching or masked models, is challenging. AR models simplify this because they di-
rectly model the per-token log-probabilities. Consequently, the sequence-level log-probability

(log mar(0lq) = Zle log mar(0t]|q, 0t—1) ) can be easily computed through the chain rule us-

ing a single forward pass. Recently, (2025) proposed Flow-GRPO, which first integrates
policy gradient RL into flow matching models. However, these models do not operate on discrete
tokens like Janus-Pro or Skywork-UniPic. Instead, their update rule involves continuous values, as
seen in ¢y 5, — x; = p(xy,t)0t + N(0,0,1/5t). This means the policy is an isotropic Gaussian
distribution with fixed o, and its forward KL divergence with respect to the uniform distribution is
a non-parameterized constant that cannot be optimized. Furthermore, masked text-to-image models
lack an autoregressive structure and thus do not have the sequential factorization of the sequence
log-probability. Therefore, current AR-based RL algorithms, such as GRPO, cannot be directly ap-
plied to them. Addressing these models with RL, as seen in works like [Liu et al.| (2025) and [Zhao
(2025a)), is a research direction separate from our current focus.

Longer training performance We observe that the performance of the model may drop after
extended training. A similar degradation phenomenon has been reported in [Zhang et al.| (2025b),
where the authors claim that RLIF can initially boost reasoning performance, matching or surpassing
RLVR, but the performance degrades as training progresses. Furthermore, previous works on RLIF,
such as|{Zhao et al.| (2025b), typically only report early-stage performance, training for only 60 steps.
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