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Abstract

While Unified Multimodal Models (UMMs)
have achieved remarkable success in cross-
modal comprehension, a significant gap per-
sists in their ability to leverage such internal
knowledge for high-quality generation. We for-
malize this discrepancy as Conduction Apha-
sia, a phenomenon where models accurately
interpret multimodal inputs but struggle to
translate that understanding into faithful and
controllable synthesis. To address this, we
propose UniCorn, a simple yet elegant self-
improvement framework that eliminates the
need for external data or teacher supervision.
By partitioning a single UMM into three col-
laborative roles: Proposer, Solver, and Judge,
UniCorn generates high-quality interactions
via self-play and employs cognitive pattern
reconstruction to distill latent understanding
into explicit generative signals. To validate
the restoration of multimodal coherence, we in-
troduce UniCycle, a cycle-consistency bench-
mark based on a Text — Image — Text
reconstruction loop. Extensive experiments
demonstrate that UniCorn achieves compre-
hensive and substantial improvements over the
base model across six general image genera-
tion benchmarks. Notably, it achieves state-of-
the-art (SOTA) performance on TIIF(73.8),
DPG(86.8), CompBench(88.5), and UniCy-
cle(46.5), while further delivering substantial
gains of +5.0 on WISE and +6.5 on OnelG.
These results highlight that our method signif-
icantly enhances T2I generation while main-
taining robust comprehension, demonstrating
the scalability of fully self-supervised refine-
ment for unified multimodal intelligence. The
code is available at https://github.com/
Hungryyan1/UniCorn.

Equal contribution, ordered alphabetically.
Project lead.

*  Corresponding author.

1 Introduction

The realization of Artificial General Intelligence
(AGI) requires a tight synergy between compre-
hension and generation, wherein comprehension
enables the internalization of knowledge and gen-
eration allows its coherent and expressive external-
ization. By integrating multiple modalities into a
shared representational space, Unified Multimodal
Models (UMMs) (Deng et al., 2025a; Chen et al.,
2025b; Xie et al., 2025¢) naturally couple com-
prehension and generation as two complementary
phases of a unified cognitive process, supporting
both knowledge grounding and coherent reasoning.
Despite these advances, a fundamental disparity
remains between comprehension and generation in
current UMMs. This mismatch, which we formal-
ize as Conduction Aphasia, arises when a model
demonstrates strong domain understanding yet fails
to translate that knowledge into high-quality gener-
ative outputs. As shown in Fig. 1, a representative
case appears in image generation: although the
model can accurately recognize what an image de-
picts and reliably assess its visual quality, it often
cannot act on this knowledge during generation.
This disconnect motivates a central research ques-
tion: how can a model’s robust understanding
guide and strengthen its generative behavior?
Driven by this simple yet fundamental question,
we propose UniCorn, a post-training framework
that enables self-improvement through a unified
cycle of proposal, execution, and evaluation. Re-
quiring no external data or teacher-model super-
vision, UniCorn allows UMMs to autonomously
narrow the comprehension—generation gap by act-
ing as their own instructor within a single parameter
space. Motivated by the observation that a single
UMM can exhibit distinct capabilities for propos-
ing, executing, and evaluating, we treat the model
as a modular system in which comprehension can
explicitly guide generation. This design turns the
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Figure 1: Motivation of UniCorn. UMMs often ex-
hibit an understanding-generation gap: they can ac-
curately understand and critique errors in an image,
yet fail to generate the same scene correctly. This
conduction aphasia motivates our framework to lever-
age the model’s superior internal understanding to
strengthen and refine its generative capabilities through
self-contained feedback.

model’s latent interpretive capability into an inter-
nal training signal, enabling autonomous generative
improvement without external supervision.

Specifically, UniCorn operates through a self
multi-agent framework that functionalizes the
UMM into three distinct internal roles. The pro-
cess begins with the model acting as a Proposer to
propose diverse and expansive prompts, followed
by its transition into a Solver to synthesize corre-
sponding image candidates. Finally, it assumes the
role of a Judge to provide evaluative rewards based
on its superior comprehension.

By simulating structured collaboration within
a single parameter space, this design yields rich
interaction data that are refined through data re-
construction. Concretely, we convert raw multi-
agent outputs into structured training signals, in-
cluding descriptive captions, evaluative judgments,
and reflective feedback, thereby distilling latent un-
derstanding into explicit supervision for effective
self-improvement.

To determine whether internal collaboration pro-
duces general multimodal intelligence instead of
narrow task fitting, we introduce UniCycle, a cycle-
consistency benchmark that probes cognitive align-
ment via informational integrity. Existing evalua-
tions often separate comprehension and generation,
which can lead to piecemeal measurements and
biased conclusions. In contrast, UniCycle frames
evaluation as a Text — Image — Text reconstruc-
tion process. It compares the model’s original in-
tent with its reconstructed description, using the
resulting semantic gap as a holistic, training-free
indicator of conceptual coherence, while reducing
the bias that arises when capabilities are tested in
isolation.

Across extensive experiments, we find that our
model achieves reliable self-improvement without

Figure 2: Visualization results of UniCorn.

heuristic reward engineering, curriculum design,
or external supervision. Compared with prior self-
improvement approaches (Jin et al., 2025a) and
methods that depend on external guidance, our ap-
proach learns from internally generated training sig-
nals, generalizes well, and remains stable under out-
of-distribution (OOD) conditions. These results
support the effectiveness of a fully self-contained
learning paradigm.

* We identify the Conduction Aphasia phe-
nomenon in UMMs, where strong understand-
ing fails to translate into accurate genera-
tion, and propose UniCorn, which repurposes
internal comprehension as self-supervision
through Proposer, Solver, and Judge roles with
data reconstruction.

* To assess whether multimodal understanding
and generation remain conceptually consis-
tent across modality transitions, we introduce
UniCycle, a training-free evaluation protocol
that measures multimodal coherence through
a Text — Image — Text cycle.

Experimental results demonstrate that our
method consistently outperforms prior ap-
proaches, achieving SOTA performance on
TIIF (73.8), DPG (86.8), CompBench (88.5),
and UniCycle(46.5), together with substantial
improvements of +4.0 on Geneval, +5.0 on
WISE, and +6.5 on OnelG.

2 Related Work

Unified Multimodal Models UMMs aim to
unify cross-modal understanding and generation,
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yet strong understanding often fails to yield equally
strong native generation. Existing designs fall
into two paradigms: pure autoregressive models
that jointly predict text and visual tokens over
interleaved sequences (Chen et al., 2025e; Cui
et al., 2025; Tong et al., 2025)) and hybrid mod-
els that combine autoregressive language model-
ing with diffusion-based image synthesis, either
within a unified backbone (Xie et al., 2024; Zhao
et al., 2024)) or via modular routing and sparse
experts (Shi et al., 2024; Liang et al., 2024b; Deng
et al., 2025b)), with related guidance schemes such
as Diffusion Forcing (Chen et al., 2024a). Beyond
architecture, self-improvement methods convert
self-generated signals into training objectives (Yu
etal., 2025; Zhou et al., 2024b; Wang et al., 2025¢);
for UMMs, SRUM derives internal rewards from
understanding (Jin et al., 2025a), and UniRL jointly
optimizes understanding and generation (Mao et al.,
2025). However, most pipelines depend on auxil-
iary components or task-specific feedback, limiting
scalability and generalization.

Multi-Agent and Self-Improvement Learning
Multi-agent systems decompose reasoning through
role specialization and interaction, enabling so-
lution diversity and cross-verification, but often
incur high coordination cost and brittle verifica-
tion (Chen et al., 2024d; Liang et al., 2024a; Cemri
et al., 2025). In parallel, LLM self-improvement
converts self-generated tasks and evaluations into
training signals, supporting zero-data learning via
self-play and self-rewarding mechanisms (Silver
etal., 2017; Huang et al., 2025a; Zhao et al., 2025a;
Yuan et al., 2024). Unified Multimodal Models
(UMMs) naturally unify understanding and genera-
tion within a single parameter space, making them
particularly well-suited for lightweight role instan-
tiation and fully model-driven self-improvement
without external supervision.

3 Method

In this section, we begin by presenting the mo-
tivation through an analysis of the mismatch be-
tween generation and understanding capabilities in
UMMs. Building on these observations, we intro-
duce UniCorn, a simple yet elegant post-training
framework that enables self-improvement without
any external annotated data or teacher models.

Rel. Accuracy (%)

MathVista Overall

Figure 3: Results of BAGEL (Deng et al., 2025a)
and GPT-40 (Hurst et al., 2024) on four understand-
ing benchmarks. For Omni-RewardBench (Jin et al.,
2025b) and MMRB2 (Hu et al., 2025), we evaluate
the T2I task. Performances are normalized with GPT-
4 (Achiam et al., 2023) results for better visualization.

3.1 Motivation

Just as a child who associates the word “apple” with
the fruit can spontaneously name it upon seeing it,
cognitive symmetry (Blanco, 2018) enables a bidi-
rectional mapping between internal concepts and
external expressions. This alignment is reminiscent
of escaping Plato’s Cave: true intelligence must
move beyond observing surface data to mastering
the reciprocal relationship between an appearance
and its underlying source.

However, current UMMs suffer from a func-
tional deficit akin to Conduction Aphasia: while
the model exhibits profound comprehension, its
generative performance remains fractured, failing
to produce the very content it can inherently under-
stand. Bridging this gap is critical; without aligning
these dual processes, a model remains a "passive
observer," capable of grounding symbols but in-
capable of utilizing them. Mastering the synergy
between understanding and generation is thus not
merely a functional upgrade but the essential step
toward achieving the cognitive integrity required
for AGL.

On the one hand, as illustrated in Fig. 3, cur-
rent UMMs demonstrate formidable perception
and comprehension capabilities. Specifically, when
serving as a reward model for Text-to-Image (T2I)
generation, the UMM exhibits a sophisticated grasp
of cross-modal semantics. This suggests that the
model has already internalized a robust *world
model’ and possesses the necessary latent knowl-
edge to discern high-quality visual-textual align-
ments.

On the other hand, the model’s generative ca-
pability remains markedly constrained, primarily
due to its failure to bridge the gap between inter-
nal recognition and active synthesis. This func-
tional dissociation means that the UMM’s own
sophisticated understanding remains a ’silent pas-
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senger’ during the generative process, unable to
inform or correct its outputs. Building on this
observation, our key insight is that the UMM’s
formidable comprehension can be repurposed
as an autonomous supervisory signal to steer its
generative behavior. By transforming latent inter-
pretive depth into explicit guidance, we promote a
tighter coupling between these two processes, ulti-
mately restoring the cognitive symmetry essential
for a truly integrated multimodal intelligence.

3.2 Problem Definition

We study UMMs that process interleaved image-
text inputs and outputs. A UMM is formulated as a
policy 7g that maps a multimodal input sequence
X =(x1,...,zn), z, €TUI, (D
to an interleaved multimodal output sequence ¥ =
7g(X). This unified input-output formulation sup-
ports both Image-to-Text (I2T) understanding and
Text-to-Image (T2I) generation. We operationalize
understanding as I2T and generation as T2I, and
leverage the model’s stronger 12T understanding to
supervise and refine its weaker T2I generation.

3.3 UniCorn

UniCorn operates via two core stages: Self Multi-
Agent Sampling and Cognitive Pattern Reconstruc-
tion (CPR). First, the UMM concurrently assumes
three roles: Proposer, Solver, and Judge (§ 3.3.1),
to simulate a collaborative loop. Then, the CPR
stage reconstructs these raw interactions into three
training patterns: caption, judgement, and reflec-
tion (§ 3.3.2), which are combined with high-
quality self-sampled T2I generation data for post-
training. Critically, the entire process is fully self-
contained, requiring no external teacher models
or human-annotated data.

3.3.1 Stage 1: Self Multi-Agent Sampling

LLMs are naturally suited for self-play in multi-
task settings (Radford et al., 2019). For UMMs,
interleaved multimodal inputs and functional di-
versity allow prompting, generation, and judge-
ment to coexist within a shared model, enabling
role-conditioned behaviors under different prompts.
We leverage this property to functionalize a sin-
gle UMM into collaborative roles, bridging the
comprehension—generation gap through internal

synergy.

Proposer my(T' | ') The proposer is designed
to generate a diverse set of challenging prompts
for the unified multimodal model, which are sub-
sequently used to produce training images. To this
end, inspired by LAION-5B (Schuhmann et al.,
2022) and COYO-700M (Byeon et al., 2022), we
partition all T2I task prompts into ten categories
and designed fine-grained generation rules for each
category. Next, we prompt UMM to generate an
initial batch of prompts and act as the judge to se-
lect the best candidate for subsequent iterations.
Leveraging the strong in-context learning (ICL)
capabilities of LLMs (Dong et al., 2024), the ini-
tial example serves as a few-shot demonstration to
guide the generation of subsequent prompts. To
further enhance diversity, we introduce a dynamic
seeding mechanism. After generating a predefined
number of prompts, several examples are sampled
from the prompt library for evaluation and then
used to construct new demonstrations that guide
the next round of prompt generation. Compared
with prior approaches that either directly rely on
training set (Jin et al., 2025a) or employ external
models for prompt construction (Mao et al., 2025),
our method requires no external data and generates
more diverse prompts, thereby improving general-
ization.

Solver 7y(I | T') The solver is responsible for
producing a diverse set of outputs in response to
the prompts generated by the proposer. Therefore,
we encourage the UMM to generate images un-
der random seeds and different hyperparameters.
Following DeepSeek-R1 (Guo et al., 2025a), we
perform 8 rollouts per prompt to strike a favorable
trade-off between sample quality, diversity, and
computational efficiency.

Judge 7y(T | T, I) The judge is responsible for
assigning scores to the images generated by the
solver in response to prompts proposed by the pro-
poser, which are then used for rejection sampling
during training.

Previous work has relied on heuristic reward
functions based on keywords (Mao et al., 2025)
or on powerful external models to provide dense
reward maps (Jin et al., 2025a). Such reward
judges depend heavily on parameter tuning and
the performance of external models, which varies
across tasks, thereby severely limiting the gener-
alization of self-improvement. As illustrated in
Fig. 3, UMMs exhibit strong reward modeling capa-
bilities. Thus, we formulate reward evaluation for
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Figure 4: Overview of the UniCorn Framework. (a) Illustrates the self-multi-agent collaboration for high-quality
data sampling. (b) Details the Cognitive Pattern Reconstruction process, which reorganizes data to facilitate robust
and efficient learning. (c) Presents the UniCycle benchmark evaluation, verifying whether the model can accurately
reconstruct key textual information from its own generated content.

all T2I tasks using discrete scores ranging from 0
to 10, following a widely adopted LLM-as-a-judge
paradigm (Radford et al., 2019; Kim et al., 2023).
To further enhance judgement quality, we trans-
fer generation reward models (Liu et al., 2025c¢),
which have demonstrated strong potential in LLMs,
to T2I evaluation. Specifically, we design task-
specific rubrics for each category and encourage
the model to explicitly articulate its reasoning be-
fore producing the final score.

3.3.2 Stage 2: Cognitive Pattern
Reconstruction

Through self multi-agent rejection sampling using
the Proposer—Solver—Judge pipeline, we obtain a
batch of high-quality prompt-image pairs. While
these pairs reflect a mapping from abstract concep-
tual spaces to high-dimensional visual manifolds,
directly optimizing this cross-domain alignment
remains stochastic and inefficient, often leading to
mode collapse (Chen et al., 2025a; Zhenyu et al.,
2024). To move beyond this "black-box" optimiza-
tion, we draw inspiration from metacognitive the-
ory (Dunlosky and Metcalfe, 2008), which identi-
fies monitoring, evaluation, and regulation as the
pillars of robust learning. Based on this insight,
we propose a tripartite data architecture that re-
claims and structures the overlooked trajectories
from the self-play cycle. By replaying these latent
interactions as explicit caption, judgement, and re-
flection patterns, we respectively ground abstract
concepts in visual features, provide evaluative sig-
nals, and encode self-correction processes. This

design transforms the previously discarded internal
"inner monologue" into a structured supervisory
signal, fostering cognitive symmetry without exter-
nal intervention.

CAPTION To establish robust semantic ground-
ing, this pattern ensures the model internalizes the
conceptual essence of its own creations by optimiz-
ing the inverse mapping mg(7T" | I*). By treating
the highest-scoring image I* as the input and its
originating prompt 7" as the ground truth, the model
learns to anchor abstract concepts within the spe-
cific visual manifolds it is capable of synthesiz-
ing, thereby reinforcing the bidirectional cognitive
symmetry between internal concepts and external
manifestations.

JUDGEMENT This pattern focuses on evalua-
tive calibration to refine the model’s internal value
system. We train the model to predict the evalu-
ative signal J for any generated pair, formulated
as mg(J | T,I). By leveraging the task-specific
rubrics and reasoning traces provided by the Judge,
the model develops an acute perception of the la-
tent gap between its current output and the ideal
objective, providing a critical diagnostic signal for
stabilizing the generative process.

REFLECTION Inspired by Reflexion (Shinn
et al., 2023), this pattern introduces iterative reg-
ulation to enhance the model’s capacity for self-
evolution. Leveraging the Solver’s multiple roll-
outs {I1,...,I,}, we utilize the rewards assigned
by the Judge to identify pairs of contrasting qual-
ity, specifically selecting a high-reward "winning"
image I™* and a lower-reward "losing" image [j,sc
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from the same prompt. We then construct reflec-
tion trajectories formulated as mg(I* | T Ijpse, J),
which explicitly encode the transition from subop-
timal states to superior ones. By learning to trans-
form the lower-quality manifestation I, into its
optimized counterpart 7*, the model internalizes
a mechanism for self-correcting generative errors,
effectively mitigating mode collapse without the
need for external supervision.

These three data types are combined with high-
quality self-sampled T2I generation data to fine-
tune the UMM. Note that the whole reconstruction
procedure is rule-based and does not introduce any
complexity. Detailed generation pipeline and ex-
amples can be found in Appendix B.

3.4 UniCycle

To assess whether internal collaboration yields
genuine multimodal intelligence rather than task-
specific performance gains, we introduce UniCy-
cle, a cycle-consistency benchmark that measures
information preservation under a Text — Image
— Text loop. Given an instruction, UniCycle eval-
uates whether a unified multimodal model can re-
cover instruction-critical semantics from its own
generated image through subsequent visual under-
standing.

Based on TIIF (Wei et al., 2025), we generate
QA pairs to probe instruction-implied attributes
grounded in the generated image, extending the
original TIIF benchmark from the T2I setting to the
Text-to-Image-to-Text (T2I2T) setting. After an-
notation, we obtain 1,401 TIIF-style instances that
cover more than ten task categories and span mul-
tiple question formats, including multiple-choice,
binary (yes/no), and open-ended questions.

For evaluation, given a prompt 7', the model first
generates an image and then answers each ques-
tion g independently conditioned on the generated
image. An external judge model assesses whether
each predicted answer g, is consistent with the ini-
tial prompt 7" and the reference answer ay, and
produces a score for each question.

We define a unified metric to quantify this T2I12T
consistency.

Let Q(T') denote the set of questions associated
with a prompt 7". We define

1
Soft(T) = —— ,
oft(T) |Q(T)|ke%(:T)Sk 2)

Hard(T') = 1[Vk € Q(T'), sk = 1].

where s; denotes the judge score for question gy,
defined as a binary indicator for non-text questions
and as the proportion of correctly recovered Key-
words to enable a more fine-grained and continuous
metric for text-type questions.

The final Soft and Hard scores are obtained by
averaging over all prompts. Additional details on
data construction and evaluation prompt templates
are provided in Appendix E.

4 Experiments

In this section, we first introduce the experiment
setup, and conduct extensive experiments to demon-
strate the effectiveness of our method.

4.1 Experiment Setup

Implementation We adopt BAGEL (Deng et al.,
2025a) as the base model for our main experiments.
The Proposer generates 5,000 prompts, then the
Solver rolls out 8 times for each prompt. Training
is conducted for 600 steps on 8 NVIDIA H800
GPUs for about 7 hours with a constant learning
rate of 1 x 1075, Additional details are provided
in the Appendix B.

Baselines and Benchmarks To validate our
method, we compare it against three categories
of approaches. First, we consider baseline models,
including T2I frameworks: SD3 Medium (Esser
et al., 2024), FLUX.1-dev (Labs, 2024) and unified
multimodal models: Janus-Pro (Chen et al., 2025d),
Show-02 (Xie et al., 2025¢), BLIP3-o0 (Chen et al.,
2025b), UniGen (Tian et al., 2025), TwiG (Guo
et al., 2025¢c) and T2I-R1 (Jiang et al., 2025a).

Regarding evaluation, we focus on TIIF (Wei
et al., 2025), WISE (Niu et al., 2025), OnelG-
EN (Chang et al., 2025), CompBench (Kil et al.,
2024), DPG (Hu et al., 2024), and Geneval (Ghosh
et al., 2023) to assess generation performance. To
evaluate understanding, we further report results
on standard benchmarks including MME (Fu et al.,
2023), MMB (Liu et al., 2024b), MMMU-val (Yue
et al., 2024), MMVP (Tong et al., 2024), and MM-
Star (Chen et al., 2024c).

4.2 Main Results

As shown in Table 1, UniCorn achieves highly
competitive performance across five T2I bench-
marks. Our method significantly enhances fine-
grained instruction following on TIIF, particu-
larly improving robustness to short prompts (+3.7
points). On the comprehensive OnelG benchmark,
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Model TIIF 1 WISE 1 OnelG-EN 1 CompBench T DPG 7T | Geneval 1
Short Long | Physics Chemistry Overall | Text Alignment Overall | Numeracy 3d Spatial Overall | Score Score
Generation Only Models
SD3 Medium 648 64.8 | 47.0 29.0 42.0 | 40.7 80.6 42.8 72.8 71.8 84.3 84.1 74
FLUX.I dev 662 66.7 | 51.0 35.0 50.0 | 523 78.6 434 75.3 76.4 83.1 83.8 82
Unified Multimodal Models
Janus-Pro 654 61.1 | 420 26.0 35.0 0.1 553 26.7 56.4 76.2 74.0 84.3 80.0
show-02 628 639 | 63.0 49.0 61.0 0.2 81.7 30.8 69.7 88.6 82.8 86.1 76.0
BLIP3-0 588 587 | 63.0 37.0 52.0 1.3 71.1 30.7 71.7 81.7 84.7 80.7 84.0
OmniGen2 702 703 | 52.0 34.0 48.0 68.0 80.4 47.5 72.0 82.2 85.8 83.6 80.0
TwiG* - - - - - - - - 61.9 389 - - -
T2I-R1 676 683 | 550 30.0 54.0 7.3 80.4 27.7 83.3 79.4 81.9 - 77.0
BAGEL 71.0 718 | 57.0 43.0 50.0 24.4 76.9 36.1 70.4 78.0 82.2 84.0 78.0
UniCorn(Ours) 74.7 729 | 67.0 47.0 55.0 | 46.8 84.1 42.6 83.5 84.1 88.5 86.8 82.0
A(vs. BAGEL) +3.7 +1.1 | +10.0 +4.0 +5.0 | +22.4 +7.2 +6.5 +13.1 +6.1 +6.3 +2.8 +4.0

Table 1: Evaluation results on TIIF, WISE, OnelG-EN, CompBench, DPG, and Geneval benchmarks. Arrows
(1) denote that higher is better. Bold indicates the best performance across all models, and the second best is
underlined. The WISE score is normalized to a 0—100 scale for visualization. Detailed comparison is listed in

Appendix F.1.

Baseline w.o.G

% UniCorn

Prompt: A cat is positioned to the right of a table.

w.o. C

Prompt: A photo of seven frogs are on the lake.

Figure 5: Qualitative comparison between UniCorn, BAGEL and UniCorn’s adifferent data settings. Our
method jointly balances visual aesthetics, prompt fidelity, and realism in generation.

UniCorn yields a 6.5-point overall improvement,
with a remarkable 22.4-point gain in the Text sub-
task, indicating superior internalization of under-
lying knowledge. Furthermore, UniCorn achieves
a 5 point gain on the knowledge-intensive WISE
benchmark and a 6.3 point boost on CompBench.
Notably, the substantial improvements in Numer-
acy (+13.1) and 3D Spatial (+6.1) tasks demon-
strate the effective transfer of structured under-
standing into faithful synthesis, with UniCorn
even surpassing GPT-40 on DPG benchmark (86.8
vs 86.2). These results consistently demonstrate
that our self-play framework enables UMMs to
bridge the gap between multimodal understanding
and controllable generation, achieving robust per-
formance that rivals state-of-the-art closed-source
models.

4.3 Ablation Study

This section conducts ablation studies on data pat-
tern, model architecture, and dataset size to further
analyze our method.

4.3.1 Data Pattern

This section deconstructs multimodal data patterns
to demonstrate how Cognitive Pattern Reconstruc-
tion bridges the gap between understanding and
generation within a unified framework.

Table 2 reveals a hierarchical synergy between
data patterns: while relying solely on generation
(w.o. CJR) maintains basic instruction following
(TIIF-S: 72.3), it triggers a catastrophic collapse
of the latent space, evidenced by the sharp drop in
MME-P from 1685.0 to 311.0. This proves that
unconstrained generative training without seman-
tic grounding leads to mode collapse. Conversely,
incorporating Cognitive Pattern Reconstruction pat-
terns (C, J, R) stabilizes the model; Judgment and
Reflection provide evaluative signals that boost
complex generative quality (TIIF-R: 78.4), while
Captioning preserves the multimodal foundation
and spatial reasoning capabilities. Finally, although
removing generation (w.o. G) maintains compre-
hension metrics like MME-P (1669.0), it stalls
generative growth, resulting in lower TIIF scores
(73.4). Qualitative comparisons are shown in Fig. 5.
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Setting TIIF-S TIIF-R|MME-P MME-C MMB MMMU MMVP MMStar

Base 71.0 70.7 | 1685.0 696.0 84.6
Ours 747 784 | 1660.0 677.0 84.1
wo.CJR 723 740 | 311.0 92.0 243
w.0. R 73.8 759 | 1632.0 6550 84.2
w.o. J 742 748 | 1542.0 478.0 82.6
w.0. C 745 764 | 1653.0 701.0 84.3
w.0. G 734 723 | 1669.0 6850 84.2

53.8
23.0
53.3

53.0

Model Hard score

52.8 69.3 65.0 Bagel 36.6

70.0 65.0 Show-02 36.1

7.10 21.0 Janus-Pro 9.9

71.3 65.0 UniCorn* 40.0
51.9 65.3 61.0 UniCorn 46.5
50.9 68.0 64.0

70.0 64.0

Table 3: Hard score results

Table 2: Ablation study on data composition. Each variant is trained independently
by removing exactly one data type from the full GCJR setting while keeping all other
components fixed. S and R denote Short Score and Real Score, respectively.

Ultimately, these results confirm a reciprocal rein-
forcement: generative trajectories reconstructed
as interpretive signals refine semantic boundaries,
which in turn guide higher-fidelity synthesis, allow-
ing UniCorn to significantly improve generation
while preserving its core multimodal intelligence.

4.3.2 Model Architecture

We first demonstrate the effectiveness of our
method on BAGEL, where understanding and gen-
eration components are decoupled. To evaluate its
generalization to tightly coupled architectures, we
conduct a base model ablation on the purely autore-
gressive Janus-Pro-7b (Chen et al., 2025d). Table
4 shows that our method improves Janus by +2.7
on TIIF, +7.0 on WISE, and +4.7 on OnelG-EN,
with the most pronounced gain on the knowledge-
intensive WISE benchmark. This suggests that the
proposed approach enhances knowledge expres-
sion by guiding generation through improved un-
derstanding, a mechanism that generalizes across
different model architectures.

4.3.3 Scaling Law for UniCorn

Scaling laws guide architectural design and opti-
mization (Kaplan et al., 2020; Chen et al., 2024e),
but prior methods scale poorly due to reliance
on external models or fixed prompts. In con-
trast, UniCorn achieves scalable self-improvement
through unbounded self-sampling and efficient
Cognitive Pattern Reconstruction. To explicitly
assess scalability, we conduct scale-up experiments
by varying the amount of self-generated data across
{1k, 5k, 8k, 10k, 20k}.

As shown in Fig. 6, with only 1K training sam-
ples, our method already surpasses RecA (Xie
et al., 2025b) on TIIF. As the data scale increases,
the model’s generative performance continues to
improve, with more pronounced gains on long-
prompt generation; notably, with just Sk samples,
it outperforms IRG (Huang, 2025) trained on 30k

on UniCycle. Soft score
results are reported in Ap-

pendix 17.
Model TIIF WISE OnelG-EN
Janus Pro  63.2 35.0 26.7
+UniCorn  65.9+2.7 42.0+7.0 31.4+4.7
UniCorn 73.8 55.0 42.6
UniCorn*  74.4+0.6 54.0-1.0 44.9+2.3

Table 4: Ablation studies on the base model (top) and
the self-play framework (bottom). Unicorn* denotes
the BAGEL model trained on data constructed using
Qwen3-VL-235B-A22B-Instruct.

A TIIF-Short
~e= TIIF-Long
<4 DALLE3 (Short) : 74.47

IRG (Long) : 73.77 % /
7
% 8k 10k 2

RecA (Short) : 7352
Base 1k

./.

TIHIF-Short
TIIF-Long

0k
Dataset Size

Figure 6: Data scaling result on TIIF. The score con-
sistently improves when the dataset size scales up. No-
tably, UniCorn surpasses many powerful models only
using 5k training data.

GPT-4o0 distilled data as well as the strong closed-
source model DALL-E 3 (Betker et al., 2023a).
These results reveal a favorable scaling regime in
which self-generated data alone suffices to drive
continual and efficient improvements in generative
capability.

4.4 Analysis

We design a series of experiments for in-depth anal-
ysis to address the following two questions.
Q1: Is self-play necessary?

For self-play assessment, we use Qwen3-VL-
235B-A22B-Instruct (Yang et al., 2025a) for data
construction (UniCorn*). As shown in Table 4, em-
ploying stronger proposers/judges yields diminish-
ing returns, where high costs and training time out-
weigh performance gains. This likely stems from
the difficulty of fitting high-entropy teacher distri-
butions, increasing latency without proportional
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information gain. We then compare UniCorn with
four unified models on UniCycle (Judge: Qwen3-
235B-A22B (Yang et al., 2025a)). UniCycle re-
quires both generation and understanding, reducing
task bias and evaluating the model’s self-reflection,
thus signaling comprehensive multimodal intelli-
gence.

As shown in Table 3, UniCorn achieves the
highest Hard score (46.5), outperforming its base
BAGEL by nearly 10 points and others by over 3
points. UniCorn* lags by 6.5 points, suggesting
strong external supervision yields disproportionate
costs and insufficient unified coordination. This
demonstrates that self-play enhances unified capa-
bilities by distilling understanding into generation
without degradation, achieving SOTA on UniCycle.
In contrast, Janus-Pro significantly underperforms
comparable-scale models on UniCycle, revealing a
gap between its generation and self-understanding.
Q2: Why UniCorn works?

UniCorn addresses the asymmetry in Unified
Multimodal Models where strong understanding
capabilities remain inactive during generation. We
identify three critical limitations: (1) the model
lacks a holistic perception of the content it is about
to generate, (2) it does not actively assess the qual-
ity of its own outputs during generation, and (3) it
lacks the ability to reflect on and revise suboptimal
generations. UniCorn resolves this by enabling
understanding to supervise generation through a
unified self-improvement loop involving caption-
ing, evaluation, and reflection, restoring alignment
for more faithful and controllable results.

Theoretically, we justify this approach using Mu-
tual Information and Bayes’ theorem, demonstrat-
ing that our task decomposition effectively mini-
mizes Negative Log Likelihood (NLL). This guar-
antees that the auxiliary understanding tasks math-
ematically optimize the final unified objective. De-
tailed derivation is presented in Appendix D.

5 Conclusion

In this paper, we propose UniCorn, a self-
supervised post-training framework that unifies
multimodal comprehension and generation within
a single model via multi-agent self-play and Cog-
nitive Pattern Reconstruction, distilling internal la-
tent knowledge into high-quality generative sig-
nals without external supervision. Extensive exper-
iments, including the UniCycle cycle-consistency
benchmark, demonstrate significant improvements

in T2I generation while preserving multimodal
intelligence, highlighting self-contained feedback
loops as a scalable path for unified multimodal
models.

Limitations

Despite achieving robust performance in both T2I
generation and multimodal understanding, Uni-
Corn possesses certain limitations. First, the cur-
rent self-improvement framework operates in a
single-turn manner and primarily enhances gen-
erative capabilities, with no significant gains ob-
served in understanding metrics. In future work,
we intend to explore multi-turn iterative self-play
to foster the co-evolution of both capabilities. Sec-
ond, the self-play mechanism requires the UMM to
handle prompt generation, rollout, and judgment,
which inevitably introduces additional computa-
tional costs. We plan to investigate more efficient
methodologies to streamline this process in subse-
quent research.

Ethical Statement

The development of UniCorn adheres to ethical
standards for Al research. We utilize publicly
available open-source models as our foundation
and conduct all experiments using standard pub-
lic benchmarks. Our self-improvement framework
aims to enhance generative quality through internal
feedback, thereby reducing the need for massive
external data collection. While we implement inter-
nal filters during the self-play process to improve
output alignment, we acknowledge that multimodal
models may still reflect biases present in their pre-
training data. We are committed to transparency
and encourage the responsible use of our frame-
work in downstream applications.
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A Content

Due to space limitations, we present additional de-
tails, along with quantitative and qualitative results
of our UniCorn, in the appendix. The outline is
provided below.

* B. Additional Details (Appendix B)

— Details of Training Data
— Training Setup
— Details of T2I Benchmarks

¢ C. More Related Work (Appendix C)

— Unified Multimodal Models

— Self-Improvement for LLMs

— Multi-Agent Systems for LLMs
— LLM-as-a-Judge

e D. Theoretical Analysis (Appendix D)

— Bi-Directional Mutual Information
— Internalized Preference Judgement
— Trajectory of Self-Reflection

— Objective Decomposition for Unified
Multimodal Learning

¢ E. Benchmark Details (Appendix E)

— Data Construction
— Evaluation Prompt
— More Results

 F. Additional Results (Appendix F)

— Quantitative Results
— Qualitative Results
— Failure Cases

B Experiment Details

Data The specific prompt category, judgement
rubrics for § 3.3.1 is shown in Table 7. We set
different random seeds and cfg_text_scale in image
sampling for a single prompt, to increase diversity
for better images. Moreover, to ensure data quality,
we filter the groups of samples when the highest
score produced by the Judge is less than a fixed
threshold (we choose 7).

For § 3.3.2, we use dozens of hand-written tem-
plates, without increasing any computational com-
plexity. For Caption data, note that some image
generation prompts contain phrases like "generate
an image" or "create an image. For these types of
data, we transfer the traditional caption task into

"reconstruct image generation prompt, serving as
a generalized caption task, which enhances data
diversity and maintains data quality.

The data mixture we use is 5k for Generation,
5k for Caption, 3k for Judgement, and 1k for Re-
flection. The detailed examples for training data
are shown in Table 8.

Training We conduct the post-training phase
using the AdamW optimizer (8, = 0.9,8; =
0.95,¢ = 10~15) with a constant learning rate of
1 x 107°. To ensure training stability, we imple-
ment a warm-up of 50 steps and apply gradient clip-
ping at a threshold of 1.0. We set the total training
duration to 600 steps, utilizing a gradient accumu-
lation of 4 steps to manage the effective batch size.
Furthermore, we apply an EMA ratio of 0.99 and
balance the training objective with a CE to MSE
loss weight ratio of 0.1 : 1. For task-specific con-
figurations, we utilize a maximum context window
of 40k tokens, with generation and understanding
resolutions set to (512,1024) and (378, 980), re-
spectively. Finally, a diffusion timestep shift of 4.0
is applied to calibrate the generative process. We
conduct all experiments on 8 NVIDIA H800 (80
GB) GPUs. Table 5 shows the detailed hyperpa-
rameter configurations when post-training BAGEL.

Benchmarks To evaluate the generative perfor-
mance of our model, we employ six representative
text-to-image (T2I) benchmarks that assess vari-
ous dimensions of synthesis quality and semantic
alignment:

» TIIF: This benchmark evaluates the model’s
ability to follow complex prompts across dif-
ferent lengths, specifically categorized into
TIIF-S (short) and TIIF-L (long) to measure
fine-grained text-to-image alignment. We
use the official testmini subset and choose
QwenVL2.5-72B (Bai et al., 2025) as the eval-
uators.

* WISE: This metric focuses on spatial consis-
tency and visual fidelity, utilizing normalized
scores to reflect the model’s performance in
complex scene layout generation.

* OnelG: A large-scale generative benchmark
designed to test the robustness and diversity
of the model across a wide array of semantic
categories.

* CompBench: This benchmark targets com-
positional generation, specifically assessing
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how well the model handles attribute binding,
object relations, and numerical constraints.

* DPG : DPG emphasizes the reconstruction
of dense, multi-entity prompts, requiring
the model to accurately synthesize multiple
subjects and their respective fine-grained at-
tributes.

GenEval: A comprehensive evaluation frame-
work that employs automated metrics to quan-
tify core generative capabilities, including ob-
ject recognition and attribute alignment.

Together, these benchmarks provide a multi-
dimensional assessment of our model’s capacity
to transform abstract conceptual prompts into high-
fidelity visual outputs while maintaining strict ad-
herence to textual constraints.

C More Related Work

Unified Multimodal Models UMMs aim to
unify cross-modal understanding and generation,
yet a persistent challenge is that strong understand-
ing does not reliably translate into equally strong
native generation (Jiang et al., 2025b; Li et al.,
2026a,b; Zhang et al., 2026a; An et al., 2026). Most
UMM s follow two main architectural routes. Pure
autoregressive models jointly predict text and vi-
sual tokens with a unified next-token objective over
interleaved sequences, as in Janus-Pro, Emu, and
MetaMorph (Chen et al., 2025¢e; Cui et al., 2025;
Tong et al., 2025). Hybrid designs keep autore-
gressive modeling for language while relying on
diffusion-style synthesis for continuous images, ei-
ther via integrated modeling within a single back-
bone (e.g., Show-o and MonoFormer (Xie et al.,
2024; Zhao et al., 2024)) or through modular rout-
ing and sparse experts (e.g., LMFusion, Mixture-
of-Transformers, and BAGEL (Shi et al., 2024,
Liang et al., 2024b; Deng et al., 2025b)), with re-
lated paradigms such as Diffusion Forcing explor-
ing diffusion-style guidance for interleaved gen-
eration (Chen et al., 2024a; Huang et al., 2025¢).
Recent work also explores image generation foun-
dation models that systematize text-conditioning
and training recipes on diffusion-style backbones.
Qwen-Image (Wu et al., 2025a) adopts a double-
stream MMDIT, conditioned on a frozen Qwen2.5-
VL encoder and a VAE tokenizer, and uses progres-
sive/curriculum training with multi-task objectives
to cover settings such as multilingual text render-
ing and editing. Z-Image (Cai et al., 2025) pro-

poses a 6B single-stream diffusion Transformer
(S3-DiT) and derives a Turbo variant via few-step
distillation and reward post-training, focusing on
inference efficiency under low sampling steps and
text-rendering-related scenarios. Beyond architec-
ture, recent work investigates self-improvement by
turning self-produced signals into training objec-
tives (Yu et al., 2025; Zhou et al., 2024b; Wang
et al., 2025¢). For UMMs, SRUM leverages inter-
nal understanding as an evaluator to derive fine-
grained rewards (Jin et al., 2025a), and UniRL
couples generation and understanding via super-
vised and reinforcement learning (Mao et al., 2025).
Complementary directions also study data-centric
enhancement for vision-language alignment, e.g.,
ultra-detailed caption generation to enrich train-
ing signals for VLMs (Zeng et al., 2025b; Xiao
et al., 2025¢,b, 2026), and interaction-based learn-
ing setups that emphasize perception and reasoning
behaviors (Zeng et al., 2025a). However, existing
self-improvement pipelines often depend on auxil-
iary components or externally produced dense feed-
back, as well as task-specific reward shaping, fixed
prompt pools, or pre-selected concepts, which can
limit scalability and generalization when extending
self-improvement to broader UMM settings.

Self-Improvement  for LLMs Self-play
drives autonomous improvement by pairing
self-generated challenges with outcome-driven
learning (Silver et al., 2017; Lin et al., 2025; Li
et al., 2025b; Cheng et al., 2026). In LLMs, this
enables zero-data self-evolution: models generate
training signals without curated datasets, as
exemplified by the uncertainty and self-consistency
curricula of R-Zero (Huang et al., 2025a) as
well as the executor-verified rewards of Absolute
Zero (Zhao et al., 2025a). Beyond task generation,
self-produced evaluation guides preference
learning and reasoning, through methods such
as self-rewarding feedback (Yuan et al., 2024),
constraint-based optimization (Zhou et al., 2024b),
reflective reward learning (Choi et al., 2024), and
process-consistency rewards for long-horizon
tasks (Guo et al., 2025b). In multimodal settings,
related efforts incorporate retrieval-augmented
reasoning with reinforcement learning to improve
understanding over visually rich information
sources (Wang et al., 2025b). Extending to Unified
Multimodal Models (UMMs), their integrated
modules naturally enable self-improvement, with
the understanding module providing internal multi-
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Hyperparameters

Post-training

Learning rate

LR scheduler

Weight decay

Gradient norm clip

Gradient accumulation steps

EMA ratio

Loss weight (CE: MSE)

Optimizer

Warm-up steps

Training steps

Max context window

Gen resolution (min short side, max long side)
Und resolution (min short side, max long side)
Diffusion timestep shift

1x107°
Constant
0.0
1.0
4
0.99
0.1: 1
AdamW (51 = 0.9, B> = 0.95,¢ = 10719)
50
600
40k
(512, 1024)
(378, 980)
4.0

Table 5: Training recipe of UniCorn.

scale feedback to guide generation, establishing
a promising paradigm for fully model-driven
enhancement.

Multi-Agent Systems for LLMs LLM-based
multi-agent systems instantiate role-specialized
agents to decompose tasks (Ma et al., 2026¢; Yang
et al., 2026; Zhang et al., 2026e, 2025b, 2026f;
Wang et al., 2025a, 2026b), explore diverse so-
lutions (Zhang et al., 2026d,c), and cross-check
results, supported by orchestration frameworks
such as AGENTVERSE (Chen et al., 2024d; Li
et al., 2026¢). While many systems are primar-
ily deployed at inference time, recent work ex-
plores closed-loop training with self-generated sig-
nals (Zhang et al., 2025a, 2026b; Zhao et al.,
2025b), including multi-agent training and self-
play pipelines (Motwani et al., 2024; Zhao et al.,
2025a; Chen et al., 2025f; Liu et al., 2024c,
2025b,a, 2026; Lin et al., 2026a). Beyond pure
language agents, embodied and action-centric ex-
tensions seek to improve generalization by struc-
turing the coupling between reasoning and action,
as in DualVLA (Fang et al., 2025). However, em-
pirical analyses show these systems can be brit-
tle and costly, with recurring coordination and
verification failures that limit scalability and gen-
eralization (Cemri et al., 2025). Motivated by
these limitations, our work uses lightweight role
instantiation within a single unified multimodal
model, turns role interactions into self-training sig-
nals for improving native multimodal generation,

and introduces a cycle-consistency benchmark to
test whether gains reflect genuine multimodal un-
derstanding rather than task-specific tuning (Ren
et al., 2026; Huang et al., 2026a; Ma et al., 2026b,
2024b).

LLM-as-a-Judge Recent work increasingly
adopts LLM-as-a-Judge as a scalable alternative to
human evaluation for open-ended generation and
benchmark construction (Wang et al., 2026a; Yang
et al., 2025b; Ma et al., 2026a, 2024a; Wang et al.,
2026c¢; Zeng et al., 2026; Huang et al., 2026b; Li
et al., 2025¢), where strong LLMs provide point-
wise scores or comparative rankings with broader
coverage than heuristic metrics at lower annotation
cost (Li et al., 2025a, 2024b; Lin et al., 2026b).
However, LLM-based judges are not uniformly re-
liable. Their judgements can be sensitive to prompt
phrasing and candidate presentation, and they may
exhibit systematic biases and vulnerabilities, in-
cluding adversarial manipulation (Raina et al.,
2024; Thakur et al., 2025; Li et al., 2024b). These
concerns motivate meta-evaluation of judges and
evaluation protocols that reduce reliance on fragile
or implicit judgement signals (Feng et al., 2025),
as well as targeted benchmarks that stress-test self-
critique in tool-calling error scenarios (Huang et al.,
2025b). In multimodal evaluation, video reason-
ing benchmarks further broaden coverage beyond
static images, including chain-of-thought video rea-
soning and visual-prompt-based interaction proto-
cols (Qi et al., 2025; Zhao et al., 2025d). In our
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setting, judge models serve two roles. For T2I
generation, we use a VLM-based judge with task-
specific rubrics to assess prompt-image alignment
and visual fidelity. For T2I2T evaluation, we use
the same UMM as an LLM-based judge to ver-
ify whether predicted answers match the original
instruction and reference answers, enabling struc-
tured scoring at scale.

D Theoretical Analysis

In this section, we present a thorough theoretical
analysis to explain why UniCorn works. As dis-
cussed in § 3.3.2 and Appendix B, we construct the
following four types of data:

¢ Generation Data (G): High-quality images
sampled by the model and selected via a Best-
of-N strategy.

¢ Captioning Data (C'): Constructed via a re-
verse process, where the best images and cap-
tion prompts serve as input to predict the orig-
inal generation prompts.

* Judgement Data (J): Self-evaluation outputs
from the model, including Chain-of-Thought
(CoT) reasoning and final scoring.

¢ Reflection Data (R): Self-correction data tak-
ing suboptimal images and editing instruc-
tions as input to output the optimal images.

Ablation studies demonstrate that each data type
contributes to both generation and understanding
capabilities, fostering a truly unified model. Below,
we provide a theoretical analysis of why these four
synthetic data types synergistically enhance image
generation.

For most unified multimodal model like BAGEL,
parameters for generation and understanding are
shared partially. The objective is to learn the
joint distribution of Text (7') and Image (), de-
noted as 7, (7', I). We train the model my (7T, I)
to approximate the constructed data distribution
p(T,1),(T,I) ~ D, where D is the predefined
dataset, by minimizing the unified loss function
EU nified-

D.1 Bi-Directional Mutual Information

Most existing works focus solely on constructing
p(I | T) to enhance generation. However, our ex-
periments show that this single-directional training
leads to a collapse in understanding capabilities.

We analyze this from the perspective of Mutual
Information.

Consider the mutual information between image
and text, M I(I;T)

MI(I;T)=H(I)—-H(I|T) 3
—nw)-urin
Constructing only generation data p(I | T') min-
imizes an upper bound on H (I | T')(the condi-
tional cross-entropy/NLL). However, according to
the equation above, one-way likelihood training
provides no direct training signal for the other. The
model fails to capture the dependency of 1" given
1, leading to the collapse of understanding capa-
bilities. Due to parameter sharing, this representa-
tional deficiency results in sub-optimal generation
performance.
By constructing Captioning Data p(T" | I) via
a self-dual approach, we encourage bidirectional
consistency between the two conditionals:

p(I,T) =p(I|T)p(T)
=p(T | I)p(I),

where D¢ is the caption dataset we constructed,
and p(I), p(T') are priors determined by both the
dataset and model.

This explains why Caption data not only pre-
serves understanding capabilities but also en-
hances generation by enforcing a more robust, bi-
directionally consistent multimodal representation.

(T,I) ~ De. %

D.2 Internalized Preference Judgement

A truly unified multimodal model requires not
only the ability to generate and understand but
also the capacity to align with human prefer-
ences—specifically, the ability to Judge. We refine
the target distribution to include judgement J J,
denoted as m, (7,1, J). Using the chain rule of
probability, the model’s joint distribution can be
decomposed as

7-‘—9(]-71—‘7 J) = W@(‘] ’ I, T) ’ 7T9(I ‘ T) ’ F@(T)v
)
This decomposition implies that the system is
composed of text priors, text-to-image generation,
and the ability to judge the quality of the (I, T") pair.
We construct judgement Data p(J | I,T) to train
the term my(.J | I,T"). This allows the model to
"internalize" evaluation metrics, effectively learn-
ing a discriminator that guides the generator toward
higher-quality outputs.
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D.3 Trajectory of Self-Reflection

With the introduction of judgment, the model can
improve from “bad” to “good” states through iter-
ative refinement. Our goal is to enable the model
to generate the optimal image I,, potentially via
multiple rounds of self-correction.

Let I denote a suboptimal image sampled during
exploration. We describe the generation of the best
image I* by introducing I as an intermediate latent
state:

mo(I* | T, J)=mp(I* | I,T,J) -mo(I|T,J).

(6)
Here, my(I | T,J) denotes the initial genera-
tion, and 7p(I* | I, T, J) denotes the refinement
step. By constructing Reflection Data for p(/* |
I1,T,J), we explicitly train the model to correct
imperfect intermediate results, allowing it to learn
a trajectory of improvement.

We emphasize that Eq. (6) is not intended as a
strict probabilistic factorization, but rather as an in-
tuitive description of iterative refinement with I as
an intermediate state. Accordingly, the probability
of obtaining the optimal image I* can be viewed as
the expectation over possible suboptimal samples:

mo(I* | T,J) '\ 1,T,J)].
(N

In practice, the Solver approximates this expec-
tation via Monte Carlo sampling with N candidate
images {[1,...,In}:

Efmmy(rir, 0y (o (I | 1,T, )]

1 N
NZ (I | I,,T,J).

= Eror, (17,7 [T(

®)

For optimization, however, we typically use the
highest-confidence trajectory selected by the Judge,
i.e., the pair (Ipest, I™). This serves as a practical
approximation to Eq. (7) and focuses training on
the most informative correction path.

D.4 Objective Decomposition for Unified
Multimodal Learning

From the perspective of Negative Log-Likelihood
(NLL), the overall loss function Liy;fieq for
BAGEL is decomposed as follows:

Lunified = Lo+ Lo+ Ly+Lr,  (9)

where \; represents the relative data proportions
across each dataset. The individual loss compo-

nents are defined as:
EG = _E(I*aT)NDbowz [log 7T9(I* ‘ T)] 5

Lo = ~Er )~ logme(T | I7)],

Ly =—Eqr5~p, logme(J | I,T)],

Lr = ~E+ 17,5)~Dy logme(I" | I,T,J)].
where D; represents different synthetic datasets.

E Benchmark Details

E.1 Data Construction

Based on the TIIF benchmark, we generate ques-
tion—answer pairs for instruction reconstruction,
extending the original Text-to-Image (T2I) evalu-
ation to a Text-to-Image-to-Text (T2I2T) setting.
To balance task difficulty with answer evaluability,
we design task- and question-type—specific prompt
templates. For negation-related tasks, we construct
prompts that elicit binary (yes/no) questions, ensur-
ing unambiguous evaluation. For tasks like spatial
relation, open-ended questions often lead to am-
biguous judgments— for instance, an instruction
specifies "left" but the generated image places an
object in the "front-left" position, an answer such
as "in front" may be plausible yet difficult to assess
consistently. To improve evaluation stability, we
therefore formulate these tasks as multiple-choice
questions. For the remaining task types, such as
color recognition and counting, we adopt open-
ended question—answer formats to maintain suffi-
cient difficulty and discriminative power. More-
over, we explicitly enforce task-type—based ques-
tion completeness: since all instruction-implied
information relevant to the task type is treated as a
reconstruction target, a QA set is considered valid
only if it fully covers the reconstruction targets
without redundancy. QA pairs are generated using
Qwen3-235B-A22B (Yang et al., 2025a) and subse-
quently annotated under a unified labeling protocol
by experienced human annotators. After filtering,
we retain 1,401 high-quality instances and totally
2968 questions for evaluation (see Table 16 for the
distribution of these questions’ types), covering
almost all task types present in the original TIIF
benchmark. We present several cases in Fig. 10.

E.2 UniCycle Evaluation Prompt

The prompt templates for T212T evaluation of Uni-
Cycle are presented in Fig. 11 and 12.
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Model RISE Score

BAGEL 33.33
UniCorn 38.87(+5.54)

Table 6: The evaluation results of RISE.

E.3 Soft scores results on UniCycle

Soft scores results of UniCorn and the other four
models on UniCyecle are shown in Table 17.

F Additional Results

F.1 Quantitative Experiments

Detailed scores across the six T2I benchmarks are
reported in Table 9, 10, 11, 12, 13,and 14.
We also evaluate our model on the image edit task
(Zhao et al., 2025¢) in Table 6.

F.2 Qualitative Results

More qualitative results are shown in Fig.7. The
qualitative comparison of the reliance on external
data and models between our approach and other
methods is presented in Table 15. Without relying
on external task-specific models or annotated data,
UniCorn achieves state-of-the-art performance on
OnelG-EN using only 5K training samples.

F.3 Failure Cases

In Fig. 13, we show two failure cases of UniCorn
in challenging tasks such as Negation and Count-
ing. We attribute the model’s limitations on these
tasks to their inherent difficulty for multimodal
models. Within our self-play training paradigm,
it is challenging to provide effective supervision
for such tasks; consequently, the lack of significant
improvement is consistent with our expectations.
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Figure 7: Visualization results of UniCorn at 1024x1024 resolution.
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Major Category

Generation Requirement

Judgement Rubrics

Example

General Object

Object Relations

General Knowledge

Spatio Reasoning

Temporal Reasoning

Text Rendering

Natural Science

Portrait

Stylization

Counting

Depict specific real-world objects
or scenes, focusing on attributes
including shape, color, texture,
and single/multi-object composi-
tion.

Reflect logical connections be-
tween objects, involving action &
interaction, comparison, differen-
tiation, or negation.

Depict specific general elements
requiring external knowledge in
real life, such as festivals, sports,
celebrities, religions, or crafts.

Handle complex spatial layouts,
including 2D/3D structures, oc-
clusion reasoning, and specific
viewing perspectives (e.g., bird’s-
eye view).

Reflect time-sensitive states, such
as horizontal time (synchronous
elements) or longitudinal time
(chronological changes/stages).

Render legible text within images
across various formats: natural-
scene text, designed posters/-
menus, or handwriting/graffiti.

Accurately represent scientific
subjects,  including precise
anatomy of animals/plants and
physics/chemistry phenomena.

Generate human-centered por-
traits with specific framing re-
quirements: close-up, half-body,
or full-body shots.

Adhere to specific artistic styles,
primarily focusing on Anime
style or various artistic styliza-
tions (e.g., oil painting, sketch).

Generate a precise number of spe-
cific objects as described in the
prompt.

Object existence, attribute accu-
racy (color/shape/texture), and
compositional correctness.

Logical correctness of relations
(e.g., A is interacting with B), in
addition to basic object correct-
ness.

Factual accuracy, cultural recogni-
tion, and attribute alignment with
real-world entities.

Spatial consistency, perspective
correctness, and accurate han-
dling of occlusions/depth.

Temporal consistency, logical pro-
gression of states, and accuracy of
time-specific features.

OCR accuracy (spelling), font
style appropriateness, and text-
background integration.

Scientific realism, biological
anatomical correctness, and
physical plausibility.

Framing accuracy (shot scale), fa-
cial/anatomical correctness, and
identity consistency.

Style fidelity, aesthetic quality,
and texture application consistent
with the requested art medium.

Count accuracy (numerical preci-
sion) and object distinctness.

Table 7: Detailed data type range, description and judgement rubrics.
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Category

Prompt Example

Response

Generation

A glass sculpture in the shape of a turtle
with intricate patterns of red lines on its
shell, resting on a black marble pedestal,
with soft light coming from above, high-
lighting the contours of the turtle and cast-
ing delicate shadows on the floor.

Caption

Typel: Infer the image-generation prompt
from the picture.

Type2:Please provide a caption for this
picture.

A glass sculpture in the shape of a turtle
with intricate patterns of red lines on its
shell, resting on a black marble pedestal,
with soft light coming from above, high-
lighting the contours of the turtle and cast-
ing delicate shadows on the floor.

Judgement

Judge the image quality based on the gen-
eration prompt. (See Fig. 9)

{ "analysis": "The generated image accu-
rately depicts a glass sculpture in the shape
of a turtle with intricate patterns of red and
blue lines on its shell......(Lengthy analysis

text omitted)", "score": 10}

Reflection

A glass sculpture in the shape of a turtle
with intricate patterns of red lines on its
shell, resting on a black marble pedestal,
with soft light coming from above, high-
lighting the contours of the turtle and cast-
ing delicate shadows on the floor.

Table 8: Examples of Generation, Caption, Judgement, Reflection training data. We choose the same image and
prompt for better illustration.
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Table 9: Quantitative evaluation results on OnelG-EN.

Model ‘ Alignment Text Reasoning Style Diversity | Overall
Janus-Pro (Chen et al., 2025d) 0.553 0.001 0.139 0.276 0.365 0.267
T2I-R1 (Jiang et al., 2025a) 0.804 0.073 0.167 0.290 0.277 0.322
BLIP3-0 (Chen et al., 2025c) 0.711 0.013 0.223 0.361 0.229 0.307
BAGEL (Deng et al., 2025b) 0.769 0.244 0.173 0.367 0.251 0.361
Show-02-7B (Xie et al., 2025¢) 0.817 0.002 0.226 0.317 0.177 0.308
SDv1.5 (Rombach et al., 2022) 0.565 0.010 0.207 0.383 0.429 0.319
SDXL (Podell et al., 2024) 0.688 0.029 0.237 0.332 0.296 0.316
FLUX.1-dev (Labs, 2024) 0.786 0.523 0.253 0.368 0.238 0.434
SD3 (Esser et al., 2024) 0.805 0.407 0.293 0.386 0.244 0.427
FLUX.1-dev (Labs, 2024) 0.786 0.523 0.253 0.368 0.238 0.434
SANA-1.5 4.8B (PAG) (Xie et al., 2025a) 0.765 0.069 0.217 0.401 0.216 0.334
Lumina-Image 2.0 (Qin et al., 2025) 0.819 0.106 0.270 0.354 0.216 0.353
IRG* (Huang et al., 2025c) 0.839 0.377 0.239 0.427 0.192 0.415
OmniGen2 (Xiao et al., 2025a) 0.804 0.680 0.271 0.377 0.242 0.475
UniCorn 0.841 0.468 0.232 0.395 0.203 0.426
GPT-40 (OpenAl, 2025) ‘ 0.851 0.857 0.345 0.462 0.151 0.533

Table 10: Quantitative evaluation results of instruct-following capability on TIIF testmini (QwenVL2.5-72B
as the evaluation). * indicates that the model has not yet been open-sourced; we report the metrics as presented in
the official paper.

‘ ‘ Basic Following ‘ Advanced Following ‘ Designer
Overall

Model N . . Attribute Attribute Relation Real

Avg Attribute Relation ~ Reasoning Avg +Relation  +Reasoning +Reasoning Style Text World

short long | short long |short long short long short long |short long |short long short long short long short long short long | short long

FLUX.I-dev (Labs, 2024) 66.24 66.72|74.41 76.67|72.50 75.50 78.20 79.78 72.52 74.73|60.72 60.95|66.76 65.50 61.76 60.74 56.60 57.49 63.33 60.00 44.49 54.75|74.63 72.01
FLUX.1-Pro (Labs, 2024) 63.75 63.53171.39 73.57|70.00 68.50 68.51 79.97 75.66 72.23|64.63 61.42|70.69 72.99 62.34 57.27 64.65 57.11 63.00 63.00 34.39 36.65|69.94 66.78
DALL-E 3 (Betker et al., 2023b) |74.47 72.94|77.35 78.40(77.62 75.00 80.22 79.67 74.22 80.54|70.11 68.45|76.65 75.05 68.39 68.07 63.64 59.92 79.31 80.00 74.07 75.51|76.12 62.69
SD3.5-large (Esser et al., 2024) | 68.69 64.92|73.72 72.10|77.50 66.50 74.79 77.16 68.87 72.64|65.59 63.41|70.85 68.22 65.03 62.93 61.03 61.66 56.67 60.00 73.30 46.15|70.15 69.03
PixArt-X (Chen et al., 2024b)  |57.46 57.04|67.74 68.19|65.50 69.50 74.33 72.11 63.40 62.96|56.71 54.52|62.47 59.67 57.51 55.08 54.84 52.64 76.67 73.33 2.71 4.98 |63.06 63.06
Show-o (Xie et al., 2024) 57.34 61.33]69.99 75.30|66.50 80.00 76.47 71.88 67.00 74.04|58.25 58.19|67.21 64.33 54.26 58.86 61.38 56.19 46.67 66.67 4.98 11.31|71.64 68.66
Janus-Pro-7B (Chen et al., 2025d) |65.38 61.10(74.99 73.19|74.50 78.00 73.69 70.51 76.77 71.04|61.77 56.03|65.71 66.48 62.01 55.62 61.16 49.34 43.33 70.00 38.46 42.08|79.48 73.51
T2I-R1 (Jiang et al., 20252) 67.61 68.34|81.14 79.45|80.50 78.50 83.09 79.49 79.81 80.37|67.38 65.90|69.92 65.27 70.10 71.62 68.69 64.68 50.00 63.33 32.13 37.56|74.25 74.25
BAGEL (Deng et al., 2025b) 70.97 71.79|78.16 78.12|78.00 79.50 80.24 79.08 76.25 75.77 |68.23 68.19|73.37 77.49 64.36 66.15 68.92 61.48 80.00 80.00 40.72 52.40|76.87 74.63
MidJourney v7 (Midjourney, 2025) | 65.92 62.43|73.96 74.63|75.00 82.00 78.74 78.51 68.12 68.55|63.44 62.59|70.60 74.03 64.43 59.58 58.84 61.34 66.67 33.33 31.67 34.39|79.22 75.32
Show-02 (Xie et al., 2025¢) 62.80 63.87(75.30 74.45|73.00 71.00 77.22 74.09 75.69 78.25|61.38 66.12|63.47 67.44 62.63 70.31 64.15 60.00 60.00 33.33 14.03 10.86|75.00 74.63
BAGEL (Deng et al., 2025b) 68.06 68.78|77.63 79.40|75.00 77.00 78.55 82.37 79.33 78.81|71.24 68.20|77.65 75.37 69.77 65.87 72.93 67.91 69.93 63.33 26.24 26.70|69.78 71.64
IRG* (Huang et al., 2025¢) 76.00 73.77|83.17 81.28|81.00 76.00 82.96 81.86 85.54 85.98|75.25 74.66|75.82 77.25 78.16 77.76 73.84 72.93 90.00 70.00 43.89 47.51|72.76 74.63

UniCorn 74.70 72.94179.43 78.53|81.50 79.50 83.14 79.84 73.64 76.25|73.39 71.81|76.84 74.59 72.34 71.33 72.81 71.66 73.33 76.67 58.85 49.77|79.85 76.87

84.19 84.61|85.30 86.55 81.95 81.55 80.03 79.85 80.88 75.68 76.67 86.67 92.76 90.05|89.55 88.06

GPT-40 (OpenAl, 2025) 81.00 82.12 86.16 84.12 88.74 ‘)4.5()‘3].24 79.75
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Table 11: Comparison of world knowledge reasoning on WISE. WISE examines the complex semantic under-
standing and world knowledge for T2I generation. ‘Gen. Only’ stands for an image generation model, and ‘Unified’
denotes a model that has both understanding and generation capabilities. * indicates that the model has not yet been
open-sourced; we report the metrics as presented in the official paper.

Type | Model | Cultural Time Space Biology Physics Chemistry | Overallt
SDv1.5 (Rombach et al., 2022) 0.34 0.35 0.32 0.28 0.29 0.21 0.32
%‘ SDXL (Podell et al., 2024) 0.43 0.48 0.47 0.44 0.45 0.27 0.43
Q SD3.5-large (Esser et al., 2024) 0.44 0.50 0.58 0.44 0.52 0.31 0.46
g PixArt-Alpha (Chen et al., 2024b) 0.45 0.50 0.48 0.49 0.56 0.34 0.47
O playground-v2.5 (Li et al., 2024a) 0.49 0.58 0.55 0.43 0.48 0.33 0.49
FLUX.1-dev (Labs, 2024) 0.48 0.58 0.62 0.42 0.51 0.35 0.50
Janus (Wu et al., 2025b) 0.16 0.26 0.35 0.28 0.30 0.14 0.23
Show-0-512 (Xie et al., 2024) 0.28 0.40 0.48 0.30 0.46 0.30 0.35
Janus-Pro-7B (Chen et al., 2025d) 0.30 0.37 0.49 0.36 0.42 0.26 0.35
~ Emu3 (Wang et al., 2024b) 0.34 0.45 0.48 0.41 0.45 0.27 0.39
g“:; MetaQuery-XL (Pan et al., 2025) 0.56 0.55 0.62 0.49 0.63 0.41 0.55
§ BAGEL (Deng et al., 2025b) 0.42 0.53 0.64 0.42 0.57 0.43 0.50
Show-02 (Xie et al., 2025c) 0.64 0.58 0.61 0.58 0.63 0.49 0.61
T2I-R1 (Jiang et al., 2025a) 0.56 0.55 0.63 0.54 0.55 0.30 0.54
BLIP3-0 (Chen et al., 2025b) 0.49 0.51 0.63 0.54 0.63 0.37 0.52
UniCorn 0.48 0.56 0.67 0.47 0.67 0.47 0.55
| GPT-40 (OpenAl, 2025) | 0.81 0.71 0.89 0.83 0.79 0.74 | 0.80

Table 12: Comprehensive T2I-CompBench Results. This table includes T2I (Labs, 2024; Esser et al., 2024;
Podell et al., 2024) and UMMs (Chen et al., 2025d; Xie et al., 2025c¢).

Model 3d Spatial Color Complex Nonspatial Numeracy Shape Spatial Texture Overall
T21 Models

FLUX.1-dev 76.39  90.63 83.51 87.47 75.30  80.20 84.23 87.07 83.10

FLUX.1-schnell 79.38 84.53 81.96 85.55 72.82 8220 8549 86.38 82.29

SD-3-medium 77.83  91.63 84.73 86.12 72.80  83.72 88.20 89.03 84.26

SD-xl-base-1 7225 77775  75.00 85.28 57.14 7218 77.08 78.38 74.38

Unified Multimodal Models

Janus-Pro 76.17 8425 80.28 80.47 5643  65.14 79.67 69.67 74.01
T2I-R1 79.35  92.11 85.48 83.32 69.47 7408 86.44 84.85 81.89
Show-02 88.61 87.73 87.88 85.91 69.74 7399 86.60 82.17 82.83
OmniGen2 8221 9222 86.87 88.51 72.00 8395 90.07 90.88 85.84
BLIP3o 81.73 8992 8555 84.78 71.67 83.75 9247 8745 84.66
BAGEL 7798  89.30 83.32 85.03 7040 8194 81.52 8793 82.18
UniCorn 84.12 9392 88.80 89.50 83.47 87.07 8892 9148 88.51
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Table 13: Evaluation of text-to-image generation ability on GenEval benchmark. ‘Gen. Only’ stands for an
image generation model, and ‘Unified’ denotes a model that has both understanding and generation capabilities. T
refer to the methods using MLLM rewriter.The best Overall results are bolded.

Type | Model | Single Obj. TwoObj. Counting  Colors Position  Color Attri. | Overallt
PixArt-a (Chen et al., 2024b) 0.98 0.50 0.44 0.80 0.08 0.07 0.48
SDv2.1 (Rombach et al., 2022) 0.98 0.51 0.44 0.85 0.07 0.17 0.50
NZ‘ DALL-E 2 (Ramesh et al., 2022) 0.94 0.66 0.49 0.77 0.10 0.19 0.52
) Emu3-Gen (Wang et al., 2024b) 0.98 0.71 0.34 0.81 0.17 0.21 0.54
g SDXL (Podell et al., 2024) 0.98 0.74 0.39 0.85 0.15 0.23 0.55
O DALL-E 3 (Betker et al., 2023b) 0.96 0.87 0.47 0.83 0.43 0.45 0.67
SD3-Medium (Esser et al., 2024) 0.99 0.94 0.72 0.89 0.33 0.60 0.74
FLUX.1-dev’ (Labs, 2024) 0.98 0.93 0.75 0.93 0.68 0.65 0.82
Chameleon (Team, 2024) - - - - - - 0.39
LWM (Liu et al., 2024a) 0.93 0.41 0.46 0.79 0.09 0.15 0.47
SEED-X (Ge et al., 2024) 0.97 0.58 0.26 0.80 0.19 0.14 0.49
TokenFlow-XL (Qu et al., 2024) 0.95 0.60 0.41 0.81 0.16 0.24 0.55
ILLUME (Wang et al., 2024a) 0.99 0.86 0.45 0.71 0.39 0.28 0.61
Janus (Wu et al., 2025b) 0.97 0.68 0.30 0.84 0.46 0.42 0.61
Transfusion (Zhou et al., 2024a) - - - - - - 0.63
3 Emu3-Gen' (Wang et al., 2024b) 0.99 0.81 0.42 0.80 0.49 0.45 0.66
E‘ Show-o (Xie et al., 2024) 0.98 0.80 0.66 0.84 0.31 0.50 0.68
S Janus-Pro-7B (Chen et al., 2025d) 0.99 0.89 0.59 0.90 0.79 0.66 0.80
MetaQuery-XLT (Pan et al., 2025) - - - - - - 0.80
BAGEL (Deng et al., 2025b) 0.99 0.95 0.76 0.87 0.50 0.60 0.78
Show-02 (Xie et al., 2025c¢) 1.00 0.87 0.58 0.92 0.52 0.62 0.76
BAGEL (Deng et al., 2025b) 0.99 0.92 0.75 0.89 0.54 0.63 0.79
IRG* (Huang et al., 2025c¢) 0.98 0.94 0.83 0.86 0.74 0.73 0.85
UniGen* (Tian et al., 2025) 1.00 0.94 0.78 0.87 0.57 0.54 0.78
UniRL (Mao et al., 2025) 0.96 0.80 0.67 0.86 0.50 0.67 0.74
UniCorn 0.99 0.94 0.80 0.88 0.61 0.73 0.82
‘ GPT-40 (OpenAl, 2025) ‘ 0.99 0.92 0.85 0.92 0.75 0.61 ‘ 0.84

Table 14: Quantitative evaluation results on DPG

Model | Global Entity Attribute Relation Other | Overall}
PixArt-a (Chen et al., 2024b) 74.97 79.32 78.60 82.57 76.96 71.11
Lumina-Next (Zhuo et al., 2024) 82.82 88.65 86.44 80.53 81.82 74.63
Playground v2.5 (Li et al., 2024a) | 83.06 82.59 81.20 84.08 83.50 75.47
Hunyuan-DiT (Li et al., 2024c) 84.59 80.59 88.01 74.36 86.41 78.87
Janus (Wu et al., 2025b) 82.33 87.38 87.70 85.46 86.41 79.68
Janus-Pro-1B (Chen et al., 2025¢) 87.58 88.63 88.17 88.98 88.30 82.63
DALL-E 3 (Betker et al., 2023b) 90.97 89.61 88.39 90.58 89.83 83.50
FLUX.1-dev (Labs, 2024) 74.35 90.00 88.96 90.87 88.33 83.84
SD3 Medium (Esser et al., 2024) 87.90 91.01 88.83 80.70 88.68 84.08
Janus-Pro-7B (Chen et al., 2025¢) 86.90 88.90 89.40 89.32 89.48 84.19
BAGEL (Deng et al., 2025b) - - - - - 84.03
UniCorn 91.62 91.97 91.39 91.22 91.64 86.83

Method External Model Free External Data Free  External Model = Hyperparameters]

IRG X X GPT-40+Qwen2.5VL 0
UniRL GPT-40 1
SRUM X X SAM3 1
RecA X GPT-40 3
UniCorn - 0

Table 15: Comparison of different methods in terms of external dependencies and prompt construction strategies.
Without relying on external task-specific models or annotated data, UniCorn achieves state-of-the-art
performance on OnelG-EN using only 5K training samples.
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Prompt for Proposer

System Prompt:

Character Introduction

You are a specialist dataset architect for PromptBench. Your mission is to synthesize high-quality,
high-complexity text-to-image prompts that push the limits of generative models.

Your Task

-Target Category:

Generate prompt ONLY for the category defined by: {major category}.

-Category Definition and Specific RuleMUST FOLLOW THE RULE FOR THE TARGET
CATEGORY):

{category rule}

-Informational Density:

The prompt must contain sufficient descriptive detail to ensure complex image generation. Do
not prioritize brevity over informational density

Response Format

Strictly follow the JSON format to output only the modified dialog without redundancy, and do
not add comments (/) in the response.

{

"major_category”: "The primary classification”,
"subcategory”: "The secondary classification”
"prompt”: "The high-density descriptive instruction.”

3
Example
{ Few-shot Example}

User Prompt:

Generate exactly ONE new prompt.

Target Major Category: {major category}.

Target Subcategory: {subcategory}

Each generated item must have a major_category field set to {major category}, a subcategory
field set to {subcategory}, and a prompt field. Ensure high diversity and strictly adhere to the rule.

Figure 8: The prompt template for prompt proposer.
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Prompt for Image Judge

System Role:

You are a rigorous Visual Quality Assessment Expert. Your mission is to evaluate the alignment
and technical fidelity of generated images against specific text prompts using a deterministic,
objective framework.

Evaluation Criteria (Ranked by Priority):

{category specific Judgement Rubrics }

Scoring Standard:(0 - 10)

{category specific scoring standard}

Response Format:

Return a strictly valid JSON object only. Do not include conversational filler, markdown
commentary, or code block delimiters.

"analysis”: "A concise, objective breakdown of the evaluation points.”,
"score”: "Integer or float from @ to 10"

3

Input Data:

Category: {major category}
Prompt: {prompt}
Image: [Image]

Figure 9: The prompt template for reward judger.

Q: Where is the plate located in relation to the sheep?
A.To the left of the sheep B. Directly above the sheep
C. To the right of the sheep D. None of above

A CY T2T %

A plate positioned to

] > Hard score:0
the right of a sheep.

| Soft score: 0
T2T reference answer: A

T2T reference answer: pentagonal, circular, C

TNRTRY &

127X L4 Hard score:0
' »  Soft score: 2/3

A metallic table held | T2l &

a pentagonal badge
and a circular pizza.

A1: rectangular® (hexagon in image)
A2: round
A3:C

Q1:What is the shape of the pizza on the table?

Q2:What is the shape of the pizza on the table?

Q3:What material does the table appear to be made of?
A. Wood B. Plastic C. Metal D. Glass

T VI
RTVIII Hard score: 1

>

> Soft score: 5/5
T2T reference answer: "YOU", "LIGHT", "UP", "MY", "LIFE".

A light bulb suspended | T2] ¥
by a chain, with the text| —
on it: "YOU", "LIGHT",

"UP" "MY", "LIFE".

Q: What text is written on the light bulb in the image?
A: "YOU", "LIGHT", "UP", "MY", "LIFE".

IV

Figure 10: Cases of UniCycle.
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Prompt for UniCycle evaluation (non-text task type)

You are a strict visual QA evaluation assistant.

You will be given:

1) TASK_TYPE: the evaluation dimension to consider.

2) IMAGE_PROMPT describing what the image should contain.

3) ONE QA pair (Question, Answer).

4) A Reference Answer.

Your Task

Determine whether the Answer is consistent with IMAGE_PROMPT for TASK_TYPE only.
Ignore all other aspects. You may use the Reference Answer only for equivalence checking.
Rules

- Use ONLY IMAGE_PROMPT; do NOT use external knowledge.

- Output "yes" ONLY if IMAGE_PROMPT clearly supports the Answer for TASK_TYPE.

- Output "no" if the Answer contradicts IMAGE_PROMPT, or if IMAGE_PROMPT is insufficient.
- Output "no" if the Answer is a refusal, uncertainty, or hedging.

- Be strict: required details must be explicitly supported.

- Do NOT explain. Output JSON only.

Normalization rules (for equivalence checking only)

- Ignore letter case, punctuation, and extra whitespace.

- Minor spelling variants are equivalent (e.g., gray/grey, color/colour).

Output JSON with exactly these keys:

non

{ "question": "<question>",

non

"answer": "<answer>",
"evaluation": "yes" or "no"

}

[TASK_TYPE]

{task_type}
[IMAGE_PROMPT]
{image_prompt}

Question: {question}

Answer: {answer}

Reference Answer: {refer_ans}

Figure 11: The prompt template for UniCycle evaluation(non-text task type).
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Prompt for UniCycle evaluation (text task type)

You are a strict text rendering QA evaluator.

You will be given:

1) IMAGE_PROMPT describing what the image should contain

2) ONE QA pair (Question, Answer)

3) A Reference Answer

Your task:

Count how many required words in the Answer are correctly supported by IMAGE_PROMPT and Reference
Answer.

Use ONLY IMAGE_PROMPT. Do NOT use external knowledge.

Output JSON only with exactly these keys: { "question": "<question>", "answer": "<answer>", "evaluation":
"<number of correctly answered words>" }

[IMAGE_PROMPT]

{image_prompt}

Question: {question}

Answer: {answer}

Reference Answer: {refer_ans}

Figure 12: The prompt template for UniCycle evaluation (text task type).

Question Type Count Ratio (%)
Total questions 2968  100.00
MCQ questions 1067 35.95
Yes/No questions 200 6.74

Open-ended questions 1701 57.31

Table 16: Question types distribution of UniCycle.

Model Bagel Show-02 Janus-Pro UniCorn* UniCorn
Soft score  58.2 52.5 25.8 58.6 66.6

Table 17: Soft score results on UniCycle.

..the bed is empty, '
blankets untouched, 4 4 blue deer standing ...,
pillows neat, lacking 4 red apples

the warmth and purring scattered ...,

of acat, which mightbe  ¢4¢ o & 6 & sog 2reddesksside by

curled or stretched 1313 side ..., 3 blue ducks
across, adding gentle iy gliding ..., 2 red horses
weight and life... c‘} standing ...

~70 words ~200 words

Figure 13: Failure cases of UniCorn in challenging tasks of Negation and Counting.
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