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Abstract

We introduce UEval, a benchmark to evaluate unified models, i.e., models capable of generating
both images and text. UEval comprises 1,000 expert-curated questions that require both images
and text in the model output, sourced from 8 real-world tasks. Our curated questions cover a wide
range of reasoning types, from step-by-step guides to textbook explanations. Evaluating open-ended
multimodal generation is non-trivial, as simple LLM-as-a-judge methods can miss the subtleties.
Different from previous works that rely on multimodal Large Language Models (MLLMs) to rate
image quality or text accuracy, we design a rubric-based scoring system in UEval. For each question,
reference images and text answers are provided to a MLLM to generate an initial rubric, consisting
of multiple evaluation criteria, and human experts then refine and validate these rubrics. In total,
UEval contains 10,417 validated rubric criteria, enabling scalable and fine-grained automatic scoring.
UEval is challenging for current unified models: GPT-5-Thinking scores only 66.4 out of 100, while
the best open-source model reaches merely 49.1. We observe that reasoning models often outperform
non-reasoning ones, and transferring reasoning traces from a reasoning model to a non-reasoning
model significantly narrows the gap. This suggests that reasoning may be important for tasks
requiring complex multimodal understanding and generation.

1 Introduction

Unified multimodal models (Tong et al., 2024b; Zhou et al., 2025a; Deng et al., 2025) aim to integrate
multimodal understanding and generation capabilities within a single system. Current evaluations of these
models are largely confined to two paradigms: visual question answering (Marino et al., 2019; Liu et al.,
2024b; Yue et al., 2024; Fu et al., 2025), which requires generating a textual answer from one or more input
images, and text-to-image generation (Huang et al., 2023; Ghosh et al., 2023; Lin et al., 2024), which takes a
textual description as input and asks the model to produce a corresponding image.

These paradigms overlook a central component of multimodal reasoning scenarios: unified multimodal
generation that produces both text and images in response to a single query (Figure 1). In many real-world
tasks, effective responses require images to illustrate specific concepts while simultaneously producing text to
explain those visual elements. Without such evaluation, existing benchmarks fail to capture the rich interplay
between language and vision that characterizes real-world multimodal reasoning.

While recent efforts (An et al., 2024; Liu et al., 2024a; Xia et al., 2025; Niu et al., 2025; Zhao et al., 2025) have
proposed new benchmarks to evaluate unified models, there remains a lack of standardized approaches for
evaluating unified multimodal generation. To address this gap, we introduce UEval, a challenging benchmark
to assess unified models (Wang et al., 2024; Chen et al., 2025¢; Yang et al., 2025; Google, 2025b; Xie et al.,
2025) at scale. Unlike prior benchmarks, UEval requires models to reason and respond to complex user queries
jointly in images and natural language, providing a rigorous testbed across diverse real-world scenarios.
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Figure 1 Left: Previous unified model evaluations focus on either image understanding (i.e., VQA) or image generation
from captions (7.e., T2I). In contrast, UEval requires models to reason across modalities and generate responses in
both images and text. The VQA example is from BLINK (Fu et al., 2024), and the T2I example is from ScienceT2I (Li
et al., 2025a). Right: The chart illustrates the number of questions and rubric criteria across tasks in UEval.

UEval comprises 1,000 expert-curated questions spanning 8 diverse real-world tasks, including space, textbook,
paper, diagram, art, life, tech, and exercise. Inspired by Arora et al. (2025), we propose a rubric-based
framework for consistent and reproducible evaluation. For each question, we first manually collect reference
answers in both text and image. Then, a frontier multimodal Large Language Model (MLLM) generates an
initial rubric, consisting of multiple rubric criteria, conditioned on the original question and reference answers.
Human annotators further refine t hese rubrics t o eliminate redundancies and add any missing c riteria. In
total, UEval contains 10,417 rigorously validated rubric criteria to enable reliable automatic grading. In our
experiments, we employ Gemini-2.5-Pro (Google, 2025a) as a judge model to score model responses with our
rubrics and find that its scores show strong agreement with human judgments.

We conduct a comprehensive evaluation of 9 unified models on U Eval. O ur results show that UEval presents
a challenge to all models. Among them, GPT-5-Thinking (OpenAl, 2025) achieves the highest score of 66.4
out of 100 when averaged across tasks, whereas the best-performing open-source model (i.e., Emu3.5 (Cui
et al., 2025)) reaches only 49.1. We also observe that current models struggle to generate multiple images
with consistent labeling across steps in multi-step planning tasks (e.g., drawing a cat step by step).

Interestingly, we observe that reasoning models (e.g., GPT-5-Thinking) outperform their non-reasoning variants
(e.g., GPT-5-Instant) on most tasks. To further investigate the harm of reasoning in multimodal generation,
we append the reasoning trace produced by GPT-5-Thinking to the end of the original question prompt and
feed it into non-reasoning models. Surprisingly, this substantially improves the visual outputs generated by
GPT-5-Instant and Gemini-2.5-Flash, while open-source models (e.g., BAGEL) show no improvement. These
observations suggest that Chain-of-Thought reasoning (Wei et al., 2022), long studied in Large Language
Models (LLMs), may also play an important role in unified multimodal generation.
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Figure 2 Model-generated images for closed-ended tasks in UEval. We visualize images generated by GPT-5-Thinking,
Gemini-2.5-Flash, and Emu3.5 (Cui et al., 2025). These images fail to answer the questions accurately. For example,
Gemini-2.5-Flash depicts a nonexistent external platform above the Statue of Liberty instead of the crown interior.

2 UEval

We present UEval, a benchmark designed to evaluate unified multimodal generation. UEval focuses on
real-world tasks where a model must reason carefully before generating natural language and images in
response to user queries. UEval consists of 8 tasks. These tasks fall into two groups: closed-ended tasks and
open-ended tasks. They differ in both task design and evaluation dimensions used for model responses.
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Figure 3 Model-generated images for open-ended tasks in UEval. We prompt GPT-5-Thinking, Gemini-2.5-Flash,
and Emu3.5 to synthesize step-by-step visual guides for each task. The generated images often exhibit temporal
inconsistencies. For instance, in the art task, when drawing a cartoon cat, GPT-5-Thinking mislabels sub-images (e.g.,
two images tagged as step 5). For visualization, we stack the images generated by Gemini-2.5-Flash into a single grid.

Closed-ended tasks, including space, textbook, diagram, and paper, emphasize factual understanding and
grounded explanation, and typically have a clear target answer that model outputs are expected to match. In
contrast, open-ended tasks, including art, life, tech, and exercise, focus on step-by-step drawings that illustrate
how to perform a task. Multiple plausible visualizations may exist for the same question in these tasks.

Figures 2 and 3 illustrate the 8 tasks in UEval alongside model-generated images. These tasks range from
explanations with visual illustrations (e.g., space) to academic figure creation (e.g., paper). They also vary
in format, from multi-step generation to single-step description (guide vs. diagram), and in breadth, from



general scientific knowledge to specialized academic content (textbook wvs. paper).

Each sample in our benchmark includes a question prompt and a grading rubric with multiple rubric criteria
to score model outputs. Our rubric criteria are drafted by Gemini-2.5-Pro (Google, 2025a) and then refined
by humans (see Section 2.2 for more details). During evaluation, these rubrics are used by an MLLM judge to
grade model responses for each question. In total, UEval contains 1,000 questions and 10,417 rubric criteria.

2.1 Dataset Composition

We describe each task in UEval. All open-ended tasks, including art, life, tech, and exercise, are grouped
under a broader category, guide, as they share task design and data-collection procedure. Additional details
on the image and text sources used to build each task are provided in Appendix B.

Space. This task evaluates a model’s ability to depict specific architectural features. Generated images must
highlight the structural elements relevant to the question rather than serve as decoration. For example, given
the prompt “Why can people stand on the Statue of Liberty? Provide a realistic image and explain it.”, a
full-view image of the statue is insufficient, as it does not show the crown platform where visitors can stand.

To construct this task, we first collect a small set of 20 seed questions about well-known landmarks from
online Q&A forums (e.g., Quora-like platforms). Since there are not many such questions on the internet or
in existing datasets, we use GPT-5 to expand this set. Given our seed questions, the model is prompted to
propose additional questions for different landmarks. Human annotators then review all generated questions
to ensure that each one refers to real, identifiable features of a landmark.

For every verified question, annotators retrieve a representative image from public sources (e.g., Wikipedia)
that depicts the relevant architectural feature and can answer the question visually. Finally, annotators write
a short reference text describing how the chosen image illustrates the engineering features of that landmark.

Textbook. This task tests a model’s ability to explain fundamental scientific phenomena (e.g., geological
transformations) through instructional diagrams. Generated outputs should identify underlying mechanisms
(e.g., DNA’s role in genetics) or connections between concepts (e.g., how a headland erodes into caves, arches,
and stacks). An example question is “I do not quite get how a headland turns into caves, arches, and stacks.
Can you generate an image and explain the sequence? Please answer with both visual and textual explanations.”

We use the textbook-style diagrams and their answer texts in the TQA dataset (Kembhavi et al., 2017) as
our reference image-text pairs. These pairs cover several subjects in science, including biology, geography, and
chemistry. Building on these references, we prompt GPT-5 to generate learning-oriented questions that can
be answered using our reference answers. Human annotators then manually review the generated questions to
ensure that each is scientifically sound, unambiguous, and can be answered with the reference content.

Diagram. This task targets a common need in academic writing, where researchers design figures to illustrate
complex methods in research papers. The evaluated model receives a technical description of a specific method
or model architecture and is asked to synthesize a self-contained figure with a caption.

To construct this task, we manually curate figures from recent top-tier Al conference papers (e.g., ICLR,
CVPR) and pair each figure with its original caption as a reference image-text pair. We intentionally avoid
diagrams from well-known papers to reduce the chance that evaluated models have seen them during training.
We provide GPT-5 with the image as well as the full paper and prompt it to create a figure-generation
instruction. This instruction captures important architectural or methodological details so that models can
answer the question without needing access to the original paper. Human annotators then review and refine
the instructions to check scientific correctness and relevance to the original figure.

Paper. This task assesses whether a unified model can accurately explain complex concepts from cutting-edge
computer science research in an accessible way. Given a user question about a particular method, the model
must first understand the technical content and then provide a clear, coherent explanation. An example
question is “I’'m reading the original Attention Is All You Need paper and trying to understand the overall
structure of the Transformer model. Can you draw an image that shows how the encoder and decoder are
organized, and explain how data flows through the layers? Please answer with both visual and textual answers.”

We source a diverse set of figures from seminal papers (e.g., Transformer (Vaswani et al., 2017), ResNet (He
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et al., 2016)) as well as online teaching platforms (e.g., D2L (Zhang et al., 2023)). Each figure serves as a
reference image. For each reference image, we extract the relevant technical descriptions from the original
sources and prompt GPT-5 to generate reader-oriented questions together with explanatory reference text
that answers those questions based on the figure. Human annotators then review t he generated questions and
answers to check technical validity and faithfulness to the original content.

Guide. This task evaluates a model’s ability to produce a coherent, step-by-step visual guide for everyday
activities. It contains four tasks, art, life, tech, and exercise, covering a range of real-world skills that require
multi-step demonstration. For each question, the model must generate a visual guide (in one or more images)
together with text explanations that illustrate a clear progression from an initial state to the final s tate. An
example question from these tasks is “How to draw a cartoon cat? Show each step both visually and textually.”

Questions and reference image-text answers are sourced from high-quality tutorial materials (e.g., WikiHow)
and step-by-step demonstrational videos (e.g., YouTube). Although these tasks require visually illustrating
specific skills through multi-step drawings, each reference answer consists of a sequence of images that
progressively depict the drawing process and stepwise textual explanations. For the questions, we do not
specify the number of steps and allow models to flexibly produce a sequence of images for each task.

2.2 Rubric Generation and Evaluation

How to effectively evaluate unified multimodal generation remains an op en pr oblem. Zhou et al. (2025b) use
average win rates from pairwise comparisons of model outputs containing images and text, but this approach
requires a large number of comparisons to obtain accurate model scores. These scores can change if a different
set of models is evaluated. Moreover, most current evaluations (Xia et al., 2025; Zhou et al., 2025b) are
data-independent: a single generic prompt is applied to grade all samples. As a result, this approach overlooks
sample-specific differences and can lead to inaccurate results.

Rubric generation. Inspired by HealthBench (Arora et al., 2025), we adopt a data-dependent approach to
evaluate unified multimodal g eneration. Figure 4 (top) illustrates our framework for generating rubrics and
evaluating model outputs with an MLLM. For each sample, we provide the question along with its reference
image-text answer to a rubric generator (e.g., Gemini-2.5-Pro) to create a rubric with multiple fine-grained
criteria that evaluate model outputs along different d imensions. For each question, about half of t he rubric
criteria are used to evaluate the generated image(s), while the others are used to evaluate the generated text.

Note that we prompt the rubric generator differently when drafting rubrics for closed-ended vs. open-ended
tasks. Figure 5 illustrates this difference. For closed-ended t asks, rubrics check whether t he generated content
contains the key information present in the reference answers. In contrast, for open-ended tasks, rubrics
evaluate higher-level qualities of the output (e.g., temporal consistency). Rubrics for open-ended tasks include
criteria such as “The answer must describe a step-by-step process for drawing a cat” and “The sequence of
images must illustrate the complete drawing process, from the initial basic shapes to the final version”.

Human review. We conduct two rounds of human review to ensure the quality and reliability of all generated
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Figure 5 Rubric examples for closed-ended and open-ended tasks in UEval. Rubrics for closed-ended tasks check
whether generated outputs contain specific details important for answering the questions, whereas rubrics for open-ended
tasks evaluate higher-level generation qualities (e.g., image-text alignment).

rubrics. Our goal is to design rubrics that correctly reward responses similar to the reference answers while
penalizing erroneous ones. For each benchmark sample, a primary annotator first verifies the question, reference
answer, and rubrics for correctness and alignment with the task. Subsequently, other co-authors independently
review the annotations. Only rubric items unanimously judged by all reviewers to be unambiguous and well
aligned with the task design are retained. Overall, human annotators supervise benchmark construction at a
system level, from the inputs (questions) to the outputs (reference answers) and the grading criteria (rubrics).

Human annotators refine the model-generated rubric items in several ways. First, repeated or similar rubric
criteria are consolidated. For example, we merge “the steps must be sequential” and “the steps should follow a
logical order” into a single, more precise requirement. Second, we add important but missing rubric criteria.
For example, in questions involving rendered text, we introduce additional rubric criteria to evaluate overall
text generation quality, such as “all visible text in the generated image(s) must be spelled correctly and rendered
naturally, with no misspellings, garbled characters, distortions, or nonsensical text”.

Rubric-based evaluation. We employ an MLLM (e.g., Gemini-2.5-Pro) as a judge to evaluate images and
text generated by unified models. For each sample, the judge checks the model response against each rubric
criterion, and the final score is computed as the fraction of satisfied rubric criteria over the total number of
rubric criteria. This provides an automated, reproducible evaluation method in place of human judgment. We
find that using a frontier model yields results well aligned with human judgment, and that some strong judge
models produce similar scores. We will discuss this further in Section 3.3.

In Table 1 (gray), we report the scores of the reference answers graded with our rubrics, using Gemini-2.5-Pro
as the judge model. Overall, the reference image-text answers achieve an average rubric score of 92.2 across all
tasks, indicating that our rubrics capture most of the important features of the reference answers. Nevertheless,
we observe that reference answers for open-ended tasks receive slightly lower scores than those for closed-ended



Space Textbook Diagram Paper Art Life Tech Exercise Avg

Reference 96.2 94.4 93.1 96.2 90.6 87.7 90.6 89.2 92.2
Open-source Models
Janus-Pro 21.0 31.0 37.4 15.2 26.4 23.0 17.6 11.5 22.9
Show-02 25.4 33.1 33.2 17.4 25.6 15.6 17.4 13.1 22.6
MMaDA 10.8 20.0 14.2 13.3 15.7 15.8 12.4 12.6 14.4
BAGEL 29.8 42.5 37.2 20.0 39.0 33.6 24.8 21.4 31.0
Emu3.5 59.1 57.4 41.1 31.6 59.3 62.0 37.0 45.4 49.1
Proprietary Frontier Models

Gemini-2.0-Flash 65.2 55.2 47.6 45.8 70.4 58.0 50.2 48.0 55.1
Gemini-2.5-Flash 78.0 74.0 66.4 71.6 66.6 63.0 58.2 50.0 66.0
GPT-5-Instant 77.3 77.9 62.3 55.1 71.2 69.7 50.7 57.6 65.2
GPT-5-Thinking 84.0 78.0 67.8 51.9 67.8 63.8 57.0 61.4 66.4

Table 1 UEval leaderboard. We evaluate open-source and proprietary frontier models on 8 tasks in UEval. Bold
indicates the highest performance for each column within each group (e.g., open-source vs. proprietary frontier).

tasks. This is likely because reference answers for open-ended tasks contain multiple images, making them
harder for the judge model to evaluate accurately, whereas closed-ended tasks involve only a single image. We
expect that more capable MLLMs will further improve the effectiveness of our rubric-based evaluation.

3 Experiments
3.1 Settings

Models. We evaluate recent unified models on all 8 tasks in our benchmark. For open-source models, we
consider Janus-Pro (Chen et al., 2025d), Show-02 (Xie et al., 2025), MMaDA (Yang et al., 2025), BAGEL (Deng
et al., 2025), and Emu3.5 (Cui et al., 2025). For proprietary frontier models, we evaluate Gemini-2.0-
Flash (Google, 2024), Gemini-2.5-Flash (i.e., Nano Banana) (Google, 2025b), GPT-5-Instant (OpenAl, 2025),
and GPT-5-Thinking (OpenAl, 2025). We access both GPT-5 models through the official chat interface.

Evaluation setup. Some models (e.g., Janus-Pro, Show-02, MMaDA, and BAGEL) can generate only images
or text by design, but not both in a single inference pass. To obtain both outputs, we feed the same question
prompt to the model twice, once to generate the image and once to generate the text. For models that natively
support joint image-text generation (e.g., GPT-5, Gemini), we directly collect their multimodal responses. We
use Gemini-2.5-Pro (Google, 2025a) to grade the generated outputs based on fine-grained rubrics (Section 2.2).
Appendix C provides the full prompt to evaluate model responses.

3.2 Results

Table 1 reports the performance of various models on UEval. Overall, frontier models consistently outperform
open-source ones across all tasks: GPT-5-Thinking achieves the highest average score of 66.4, while the best
open-source model obtains only 49.1. To better understand performance differences, Figure 6 presents a radar
chart comparing models across tasks. The gap between proprietary and open-source models is large: the
strongest frontier model (i.e., GPT-5-Thinking) outperforms the best open-source model (i.e., Emu3.5) by
over 17 points on average. The individual image and text scores for each task are provided in Appendix A.

We also observe that the tasks requiring multi-step planning (e.g., art, life) yield substantially lower scores
than knowledge-based tasks (e.g., textbook, diagram). Figure 3 further illustrates this pattern. For example,
in the art task, GPT-5-Thinking incorrectly labels the final two images as step 5. Similar mistakes also occur
in both the life and exercise tasks. Likewise, Gemini-2.5-Flash changes the shirt’s orientation from step 1
to step 2 and then changes it back in step 3 in the life task. More interestingly, current reasoning models
(e.g., GPT-5-Thinking) achieve much better performance than non-reasoning ones (e.g., GPT-5-Instant). We
further study the benefits of reasoning in multimodal generation in the next section.



Tech
Exercise Life
Space 50 \\75 100 At
Textbook Diagram
Paper
GPT-5-Thinking Emu3.5
GPT-5-Instant MMaDA

Gemini-2.5-Flash

Figure 6 Model performance on UEval. Each axis corre-

sponds to a task, and each colored polygon is a different
model. Proprietary frontier models (e.g., GPT-5-Thinking)
consistently outperform open-source models (e.g., Emu3.5).

© Text Image

a—_) 100

=

5 80

B 60

S

=] 40

= 20

u—

o

X " , " == v _, : —
SpaceTextbook Paper Diagram  Art Life  Tech Exercise

Figure 7 Percentage of matched rubric criteria between
human evaluators and an MLLM judge. We find high
agreement between an MLLM and humans.

—_

01" Correlation: r = 0.88

. o 9
> o @
\ 1 |

LLM-as-a-judge Score
Y

o
s

0 02 0.4 0.6 0.8 10
Human Evaluator Score
Figure 8 LLM-as-a-judge vs. human evaluator. Each point
represents a score for a question in UEval. The Pearson
correlation (r = 0.88) demonstrates that the LLM judge
closely aligns with human evaluation.

3.3 Analysis

Performance on text and image generation. As described in
Section 2.2, each question contains multiple rubric criteria, with
about half evaluating generated images and the others evaluating
generated text. Table 2 reports separate image and text scores for
all evaluated models (from Table 1), averaged across all questions to
assess text and image generation performance separately. We also
report text scores for text-only models. Overall, current models show
stronger performance in text generation than in image generation.
Moreover, for open-source unified m odels, t heir t ext generation
ability still lags behind that of text-only models, highlighting that
achieving high-quality multimodal generation is still a significant
challenge and that substantial room for worsening remains.

Human evaluation. To assess the reliability of using an MLLM as
a judge, we randomly sample 10% of GPT-5-Thinking outputs from
each task and ask human annotators to determine how many rubric
criteria each model response satisfies. In Figure 7, we report the
percentage of rubric criteria on which human evaluators and the
LLM-as-a-judge agree. We observe approximately 90% of rubric
criteria are matched between human evaluators and the LLM-as-a-
judge across tasks. LLM-as-a-judge grading aligns very closely with
human judgment across different tasks. Moreover, in Figure 8, we

Image Text

Reference 87.8 96.8
Open-source Models

Janus-Pro 6.5 39.3
Show-02 8.3 36.9
MMaDA 15.9 12.8
BAGEL 13.6 48.5
Emu3.5 33.6 64.6

Proprietary Frontier Models

Gemini-2.0-Flash 36.9 73.2
Gemini-2.5-Flash 56.4 75.5
GPT-5-Instant 52.8 7T
GPT-5-Thinking 49.1 83.8
Text-only Models
Qwen3-32B - 81.2
Gemma3-27B - 83.1

Table 2 Image and text scores on UE-
val, averaged over all 8 tasks. We find a
performance gap between image and text
generation. We also report the text scores
of text-only models for comparison.

plot LLM-as-a-judge scores against human evaluator scores and observe a high Pearson correlation (r = 0.88).
These results indicate that our automated evaluation framework is robust aligned with human judgment.
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Different judge models. Our default judge model in Table 1 is Gemini-2.5-Pro (Google, 2025a). To understand
how different judge models affect scores, we grade model responses generated by GPT-5-Thinking using other
proprietary frontier and open-source models, including GPT-5-Thinking (OpenAT, 2025), Seed1.6-Vision (Seed,
2025), Qwen3-VL-235B-Thinking/Instruct (Bai et al., 2025), and GLM-4.1V-Thinking (GLM, 2025).

Space Textbook Diagram Paper Art Life Tech Exercise
Gemini-2.5-Pro 84.0 78.0 67.8 51.9 67.8 63.8 57.0 61.4
GPT-5-Thinking 80.0 73.0 55.8 46.3 56.4 50.1 45.4 51.7
Seed1.6-Vision 85.5 81.0 68.2 53.8 75.2 70.8 67.8 70.9
Qwen3-VL-235B-Thinking 81.8 78.4 63.4 49.3 56.8 56.8 53.6 59.6
Qwen3-VL-235B-Instruct 82.0 85.2 72.3 53.6 73.7 61.4 57.7 63.0
GLM-4.1V-Thinking 84.3 83.6 68.2 49.8 79.4 74.5 74.3 70.7

Table 3 Scores of GPT-5-Thinking responses evaluated by different judge models. Gemini-2.5-Pro, GPT-5-Thinking,
and Qwen3-VL-235B-Thinking produce consistent scores across tasks, whereas other models yield very different scores.

Table 3 reports the per-task scores on GPT-5-Thinking responses graded with different judge models. We
observe that GPT-5-Thinking, Gemini-2.5-Pro, and Qwen3-VL-235B-Thinking produce similar scores across
all tasks, whereas other models (e.g., Seed1.6-Vision, GLM-4.1V-Thinking) yield very different ones, especially
in open-ended tasks (e.g., art, life). Therefore, we recommend using GPT-5-Thinking, Gemini-2.5-Pro,
or Qwen3-VL-235B-Thinking as the judge model for grading model-generated responses in UEval. The
effectiveness of reasoning traces. To understand why reasoning models (e.g., GPT-5-Thinking) yield better
results in multimodal generation, we record a reasoning trace and append it to the original question prompt.
We then provide non-reasoning models (e.g., GPT-5-Instant) with this modified prompt. Figure 9 visualizes
images generated by some non-reasoning models. Surprisingly, incorporating the reasoning trace enables GPT-

GPT-5-Instant Gemini-2.5-Flash BAGEL

Question: Why can
people stand on the
Statue of Liberty?
Provide a realistic
image and explain it.

Reference Answer

After Adding Reasoning Trace by GPT-5-Thinking: Only the
crown is open to visitors (the torch has been closed since 1916),
and reaching the crown requires ... The crown contains a circular
room with windows. Visitors' weight is transferred through brackets
and the spiral ... The pedestal is made of reinforced concrete and
granite. The statue is anchored by large iron tie bars to the ...

20BN -

A

Figure 9 Reasoning can improve the quality of multimodal generation. We extract the reasoning trace from GPT-5-
Thinking and append it to the original question. The resulting prompt is then provided to non-reasoning models (e.g.,
GPT-5-Instant, Gemini-2.5-Flash, and BAGEL) to generate responses. This can steer the generated images toward
that of the reasoning model and lead to more accurate responses, with BAGEL as an exception.
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5-Instant and Gemini-2.5-Flash to generate a more accurate image of the interior of the Statue of Liberty’s
crown. This suggests that multimodal generation in unified models benefits from Chain-of-Thought (Wei
et al., 2022) reasoning generated by other models. However, this does not apply to all unified models: weaker
models (e.g., BAGEL) do not benefit from this added reasoning. A sufficiently strong multimodal generation
capability is necessary to effectively leverage such additional reasoning signals.

4 Related Work

Multimodal large language models and unified models. Multimodal Large Language Models (MLLMs)
have progressed greatly in recent years. These models (Alayrac et al., 2022; Dai et al., 2023; Liu et al.,
2023; Li et al., 2023; Zhu et al., 2024) typically integrate a visual encoder (Radford et al., 2021; Dosovitskiy
et al., 2021; He et al., 2022) with a pre-trained Large Language Model (Llama-2-Team, 2023; Peng et al.,
2023), achieving strong performance on image captioning (Chen et al., 2015; Plummer et al., 2015) and visual
question answering (Goyal et al., 2017; Mathew et al., 2021). To further scale their capabilities, these models
require millions of instruction-tuning data (Tong et al., 2024a; Deitke et al., 2025).

A parallel line of research seeks to unify multimodal understanding and generation within a single model.
Some methods adopt diffusion-based approaches (Dong et al., 2024; Yang et al., 2025; Li et al., 2025¢; Shi
et al., 2025a; Wang et al., 2025), whereas others train models with a purely autoregressive objective (Team,
2024; Wang et al., 2024; Wu et al., 2025a,b; Qu et al., 2025). There are also hybrid methods that combine
both approaches (Deng et al., 2025; Zhou et al., 2025a; Xie et al., 2025; Chen et al., 2025b). We refer readers
to Zhang et al. (2025) for a comprehensive survey of MLLMs and unified models.

Multimodal benchmarks. A range of benchmarks has been proposed to evaluate multimodal inputs. Initial
work (Goyal et al., 2017; Marino et al., 2019; Masry et al., 2022) evaluates image understanding for specific
image types, and later efforts benchmark broader image coverage (Liu et al., 2024b; Yue et al., 2024). There
are also studies evaluating text-to-image generation quality (Saharia et al., 2022; Huang et al., 2023; Ghosh
et al., 2023; Lin et al., 2024). Some benchmarks (e.g., VDC (Chai et al., 2025)) begin to use data-dependent
rubrics for better evaluation. More recent works unify understanding and generation benchmarks as interleaved
text-and-image generation (An et al., 2024; Liu et al., 2024a; Chen et al., 2025a) or unified multimodal
generation (Li et al., 2025b; Zou et al., 2025; Shi et al., 2025b). In contrast to them, our evaluation is very
simple: an MLLM judge is used to grade model responses based on rubrics. This avoids per-sample human
scoring (Zhou et al., 2025b) or training a scoring model (Xia et al., 2025) for evaluation.

5 Conclusion

We introduce UEval, a benchmark to evaluate unified multimodal generation beyond standard tasks (e.g., visual
question answering, text-to-image generation). Our benchmark contains 1,000 samples across 8 real-world
tasks and provides 10,417 fine-grained rubric criteria for rigorous, automated grading of model responses. Our
results demonstrate that UEval is challenging for both proprietary frontier and open-source unified models.
We also observe that reasoning can improve multimodal generation quality. We hope this work will stimulate
further research on developing stronger models and better benchmarks for multimodal generation.
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Appendix

A Individual Image and Text Scores

As detailed in Section 2.2, we construct two rubrics for every question in UEval, one evaluating images and
one evaluating text. Table 4 reports the corresponding per-modality scores for the results in Table 1. Across
all models, we observe that text scores are much higher than image scores. This is especially pronounced for
open-source models, which generate reasonably good text but perform extremely poorly on image generation,
often receiving <10 image scores. In contrast, frontier models show a much narrower gap between their image
and text performance, indicating more balanced multimodal generation capabilities.

Space Textbook Diagram Paper Avg

Image Text Image Text Image Text Image Text Image Text

Reference 94.7 97.8 92.5 96.2 92.2 93.9 94.7 97.8 93.5 96.4
Open-source Models
Janus-Pro 13.5 28.5 10.8 51.3 0.8 73.9 3.3 27.2 7.1 45.2
Show-02 22.7 28.1 10.9 55.2 9.3 57.2 4.6 30.2 11.9 42.7
MMaDA 5.0 16.7 17.7 22.4 9.2 19.2 15.6 11.0 11.9 17.3
BAGEL 27.6 31.9 14.5 70.6 2.8 1.7 4.8 35.2 12.4 52.3
Emu3.5 64.6 53.6 325 82.3 13.3 68.9 12.3 50.8 30.7 63.9
Proprietary Frontier Models

Gemini-2.0-Flash 59.9 70.5 29.9 80.5 21.9 73.3 17.3 74.4 32.2 4.7
Gemini-2.5-Flash 82.6 73.5 61.5 86.6 55.7 77.2 59.7 83.4 64.9 80.2
GPT-5-Instant 74.9 79.7 67.4 88.5 44.5 80.1 27.4 82.8 53.6 82.8
GPT-5-Thinking 82.3 85.7 65.9 90.0 51.2 84.3 43.3 60.5 60.7 80.1

(a) closed-ended tasks

Art Life Tech Exercise Avg

Image Text Image Text Image Text Image Text Image Text

Reference 82.5 98.8 78.3 97.1 87.0 94.2 80.1 98.2 82.0 97.1
Open-source Models
Janus-Pro 8.9 44.0 5.9 40.0 4.4 30.8 4.1 18.9 5.8 33.4
Show-02 5.8 45.4 4.2 26.9 4.6 30.2 4.0 22.2 4.6 31.2
MMaDA 18.9 12.5 21.5 10.1 17.3 7.5 22.1 3.0 20.0 8.3
BAGEL 19.8 58.2 19.1 48.1 5.0 44.6 15.2 27.7 14.8 44.6
Emu3.5 39.0 79.6 53.6 70.4 16.2 57.8 37.6 53.3 36.6 65.3
Proprietary Frontier Models

Gemini-2.0-Flash 55.5 85.2 44.9 71.2 30.1 70.4 35.7 60.4 41.6 71.8
Gemini-2.5-Flash 51.2 81.9 55.2 70.8 48.9 67.4 36.6 63.4 48.0 70.9
GPT-5-Instant 58.9 83.4 60.7 78.8 34.3 67.1 54.2 61.0 52.0 72.6
GPT-5-Thinking 40.8 94.7 41.8 85.8 26.2 87.9 41.2 81.5 37.5 87.5

(b) open-ended tasks

Table 4 Image and text scores on 8 tasks in UEval. Each task is evaluated separately for image and text generation.
The results show that text generation consistently outperforms image generation.
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B Data sources

Table 5 lists the data sources of the questions, reference images, and reference texts for each task in UEval.

Task Question Source Reference Image Source Reference Text Source

S Quora, GPT-5 generated Wikipedia, TripAdvisor, Google Wikipedia, TripAdvisor, Quora
pace search

Textbook GPT-5 generated TQA dataset TQA dataset

Di GPT-5 generated arXiv, ICLR, CVPR, NeurIPS, arXiv, ICLR, CVPR, NeurIPS,
lagram ICCV ICCV

Paper GPT-5 generated arXiv, D2L, Medium, CS231n arXiv, D2L, Medium, CS231n

Art WikiHow, EasyDrawing, YouTube, WikiHow, EasyDrawing, YouTube, WikiHow, EasyDrawing, YouTube,
r ArtForKidsHub ArtForKidsHub ArtForKidsHub

Life WikiHow, YouTube WikiHow, YouTube WikiHow, YouTube

Tech WikiHow, Food52, YouTube WikiHow, Food52, YouTube WikiHow, Food52, YouTube

E . WikiHow, Healthline, Men’s Health, WikiHow, Healthline, Men’s Health, WikiHow, Healthline, Men’s Health,
XOTAISC  youTube YouTube YouTube

Table 5 Per-task breakdown of question, reference image, and reference text sources. The table shows the diverse
origins of data used for different tasks in UEval.

C Evaluation Details

Figure 10 shows the prompt used to grade model responses (i.e., image + text) with an MLLM judge (e.g.,
Gemini-2.5-Pro) based on a specific rubric item during evaluation.

You are an expert Al evaluator. Your job is to look at a conversation, a rubric item and assess model
outputs (text and images) against specific rubric criteria.Return a JSSON object with "criteria_met".

Conversation

Question: <<question>>

Text Answer: <<text_answer>>
Image Answer: <<image_answer>>

Rubric Item
<<rubric_item>>

Instructions

Return a JSON object with "criteria_met".

- Set "criteria_met" to true only if the rubric is completely satisfied; false otherwise. Use "not sure" if the
evidence is insufficient.

- One important clarification regarding the requirement is that each image must include a visual depiction
of the described action — it cannot rely solely on text rendered within the image as a substitute for visual
content.

- One important exception to the above point is that when the criterion is used to evaluate the consistency
between an image step and its corresponding text step, the image does not need to depict all actions or
details mentioned in that step to meet the criterion.

\ J

Figure 10 Evaluation prompt used for Gemini-2.5-Pro as the judge model. It shows how a single rubric item is applied
to evaluate model responses and produce structured judgments.
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D Responses from More Models

Figures 11, 12, 13, and 14 visualize additional examples of images generated by different models.
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some lotus-shaped stone creatures eventually turn illustrate the architecture of architecture of two
columns on the Golden Water  into oil? Please answer the EOMT model.... successive Swin
Bridge in the Forbidden City with both visual and Please provide the image  Transformer blocks. Please
serve? Provide a realistic textual explanations. and caption separately.  answer with both visual and
image and explain it. textual answers.
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Figure 11 Model-generated images for closed-ended tasks in UEval. We visualize images generated by Janus-Pro,
Show-02, and MMaDA.
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Figure 12 Model-generated images for closed-ended tasks in UEval. We visualize images generated by Emu3.5,
Gemini-2.0-Flash, Gemini-2.5-Flash, GPT-5-Instant, and GPT-5-Thinking.
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Figure 13 Model-generated images for open-ended tasks in UEval. We prompt Janus-Pro, Show-02, MMaDA, and
BAGEL to produce step-by-step visual guides for each task.
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Figure 14 Model-generated images for open-ended tasks in UEval. We prompt Emu3.5, Gemini-?.O—Flash, Gemini-
2.5-Flash, GPT-5-Instant, and GPT-5-Thinking to produce step-by-step visual guides for each task.
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