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Abstract

Unified multimodal models (UMMSs) aim to
integrate multimodal understanding and gen-
eration within a unified architecture, yet it re-
mains unclear to what extent textual and visual
modalities are aligned. To investigate this ques-
tion, we use reasoning-guided image genera-
tion as a diagnostic task, where models produce
textual reasoning first and then generate im-
ages. We introduce UReason, a benchmark for
evaluating reasoning-to-generation alignment
in this paradigm, consisting of 2,000 human-
curated and human-verified instances spanning
five reasoning-intensive tasks: CODE, ARITH-
METIC, SPATIAL, ATTRIBUTE and TEXT. To
enable controlled analysis, we develop an eval-
uation framework that compares direct gen-
eration, reasoning-guided generation and de-
contextualized generation, which conditions
only on the refined prompt extracted from
reasoning. Across eight widely used open-
source UMMs, while we find that reasoning-
guided generation yields improvements over
direct generation, somewhat surprisingly, de-
contextualized generation consistently outper-
forms reasoning-guided generation by a large
margin. Our further analyses suggest that the in-
tended visual semantics in textual reasoning are
not reliably reflected in the generated images,
despite their unified design and training. Over-
all, UReason serves as a practical litmus test
for reasoning-to-generation alignment and pro-
vides a challenging benchmark for developing
next-generation, more tightly aligned UMMs.

1 Introduction

The emergence of unified multimodal models has
marked a significant milestone in artificial intelli-
gence (Team, 2024; Xie et al., 2024; Zhou et al.,
2024; Deng et al., 2025; Tong et al., 2026). These
models integrate multimodal understanding and
generation within a single architecture, aiming to
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learn a unified interface across different modalities.
In doing so, UMMs bridge the long-standing di-
vide between perception-oriented Vision-Language
Models (Liu et al., 2023; Team, 2025a; Guo et al.,
2025b; Huang et al., 2025b) and specialized Vi-
sual Generation Models (Sauer et al., 2023; Betker
et al., 2023; Esser et al., 2024; Wu et al., 2025a).
However, despite operating under a unified design,
it remains unclear to what extent textual and visual
modalities are aligned, especially when textual rea-
soning is expected to guide visual synthesis.

To investigate this question, we propose to study
reasoning-guided image generation as a testbed
for diagnosing reasoning-to-generation alignment
in UMMs. Reasoning-guided image generation
has been adopted in recent UMMs (Deng et al.,
2025; Jin et al., 2025; Qin et al., 2026; Liang et al.,
2026; Zhang et al., 2026); In this paradigm, the
model first produces a textual reasoning, and then
generates the image conditioned on that textual
reasoning. This paradigm provides a concrete set-
ting to study whether textual reasoning is faithfully
transferred into visual generation in UMMs.

To this end, we introduce UReason, a benchmark
that utilizes reasoning-guided image generation as
a testbed for diagnosing reasoning-to-generation
alignment in UMM s (Sec. 2). UReason focuses
on reasoning-centric generation tasks and contains
2,000 human-curated and human-verified instances
with verifiable evaluation criteria, spanning five
task categories: CODE, ARITHMETIC, SPATIAL,
ATTRIBUTE, and TEXT reasoning (Fig. 1). In each
instance, models must first infer an implicit visual
target through multi-step reasoning, determine the
visual state implied by the prompt, and then syn-
thesize an image that faithfully realizes that state.

To enable rigorous diagnosis, we develop the
UReason Evaluation Toolkit (Sec. 3). Specifically,
it compares three settings: direct generation from
the original prompt, reasoning-guided generation
with textual reasoning for image generation, and de-
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<table><tr><td>Dress</td><td>Jeans</td></tr>
<tr><td>Jacket</td><td>Sneakers</td></tr></table>

Visualize a fashion store window divided into four glass panes. Render
the items defined inside the HTML <td> tags.
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A large wooden table originally had 10 red apples. A
baker took 5 of them; two children each grabbed 1;
then the farmer came and threw away 1 rotten apple.
Visualize the table surface now.

A shop window with four panes: Top-left is a Dress, Top-right is Jeans,
Bottom-left is a Jacket, and Bottom-right is Sneakers.

m Exactly 2 red apples remaining on the table surface. }

Attribute

- spatia
@

=
A customer arranges 4 items: Milk (left ‘ *r 1
of Bread), Chocolate (right of Bread), B
and Eggs (right of Chocolate). Then,

—
Milk and Chocolate swapped positions. -
Visualize the items in their final -
positions.

From left to right: Chocolate Bar, White
Bread, Milk, Eggs.

A person puts on glasses and a red
scarf. She considered a cowboy
hat but decided to take it off to
look casual. Visualize the portrait
of the person strictly according to
the final decision in the narrative.

A person wearing glasses and a red
scarf only (no cowboy hat).
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A shop owner is hanging a sign on
the door. The status is 'OPENING',
but the classic neon sign is
damaged so the second and fourth
letters have fallen off. Visualize
the neon window sign.

The word 'OEING' is in the image,
'OPENING' does not appear.

|

Figure 1: Representative UReason instances covering CODE, ARITHMETIC, SPATIAL, ATTRIBUTE, and TEXT
reasoning. Prompts specify implicit targets that must be derived via reasoning. Detailed task and subtask descriptions

are listed in Appx. B.

contextualized generation, which conditions only
on the extracted refined prompt part of textual rea-
soning (Fig. 2). In principle, the latter two settings
preserve the same visual semantics intended by the
model. This design provides a controlled frame-
work to evaluate whether the intended visual se-
mantics encoded in textual reasoning are faithfully
reflected in visual generation.

We evaluate 8 widely used UMMs on URea-
son (Sec. 4). Our results reveal that translating
implicit targets into pixel-level outputs remains
challenging: while reasoning-guided generation
generally improves performance over direct gen-
eration (e.g., +11.2% for Bagel). Surprisingly, de-
contextualized generation consistently outperforms
reasoning-guided generation by a substantial mar-
gin (e.g., +44.8% for Bagel), suggesting that in-
tended visual semantics encoded in textual reason-
ing is not reliably reflected in generation process.

Our analyses demonstrate that textual reason-
ing is beneficial for high-level planning (Sec. 5).
Specifically, UMMs can often generate reasoning
that correctly specifies target visual requirements.
However, these intended visual semantics are not
always faithfully reflected in the generated im-
ages, despite their unified architecture and train-
ing paradigm. Through further attention and error
analyses, we find that contextual interference may
weaken the transfer from intended visual semantics
to generated images, such as distracting tokens in

intermediate results.

Overall, we position UReason as a litmus test
for assessing reasoning-to-generation alignment in
UMMs, specifically whether generated images re-
flect the intended visual semantics in textual reason-
ing. Our results show that, despite unified design,
current UMM still struggle to transfer reasoning
into pixels, leaving room for improvement.

2 The UReason Benchmark

UReason is designed by two complementary con-
siderations. First, unlike traditional text-to-image
benchmarks (Saharia et al., 2022; Lee et al., 2023;
Huang et al., 2025a) that evaluate descriptive
prompts with an emphasis on aesthetic fidelity,
UReason shifts the paradigm from description to
deduction: the target content is not stated ver-
batim and must be inferred from the input sce-
nario, requiring multi-step reasoning such as state
tracking and distractor suppression. Second, URe-
ason is designed as a broad, fine-grained, and
verifiable testbed for reasoning-to-generation fail-
ures. As shown in Tab. 1, UReason contains 2,000
human-curated and human-verified instances span-
ning 5 tasks: CODE, ARITHMETIC, SPATIAL, AT-
TRIBUTE, and TEXT reasoning (Fig. 1), with 30
fine-grained subcategories (Fig. 4). Compared with
prior benchmarks, UReason provides broader task
coverage, larger scale, and a finer-grained taxon-
omy, including the under-explored CODE domain.
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Analyze the Math Scenario:
* Initial count: 10 apples.

* Result: There are 2 red apples left on the table.

—)u Direct Generation }
%
Code Arithmetic f
* Action: ...
Text ‘
L Spatial Attribute Text VO(EIV%
s
A large wooden table originally
had 10 red apples. A baker took 5
of them; two children each|[—>

grabbed 1; then the farmer came
and threw away 1 rotten apple.
Visualize the table surface now.

Figure 2: Overview of UReason evaluation framework. UReason compares 3 settings:

(A top-down photograph of a worn wooden table surface shows |
only two red apples remaining. They are casually placed on the
textured, scratched wood, which has indentations and stains from
use. Crumbs and a few small apple stems are scattered around.
The natural light comes from one side.

A2 Refined Prompt

%a De-contextualized Generation }

1 Direct Generation,

2 Reasoning-Guided Generation and 3 De-contextualized Generation.

These dataset properties, together with instance-
level criteria, support our evaluation protocol and
enable controlled diagnosis of failures (detailed in
Appx. B).

2.1 Task

We now introduce the 5 tasks of UReason with
representative instances presented in Fig. 1.

CODE REASONING. The Code Reasoning task
evaluates whether UMM can act as neural visual
interpreters, mapping abstract code to concrete vi-
sual renderings. Given code snippets across eight
languages (e.g., Python), the model must reason
over execution logic and synthesize the correspond-
ing visual outcome. Beyond syntactic recognition,
this requires simulating program execution to deter-
mine the final visual state and converting it into a
language description that guides image generation.

ARITHMETIC REASONING. Arithmetic Rea-
soning evaluates UMMSs’ ability to perform arith-
metic operations within sequential narratives across
seven subcategories. Inputs describe quantity
changes through events such as addition, and the
model must generate a scene whose visible count
matches the computed final state. This task re-
quires models to move beyond keyword matching
by explicitly deriving the final quantity through cal-
culation and using it to constrain visual generation.

SPATIAL REASONING. Spatial Reasoning as-
sesses whether UMMSs can interpret complex in-
structions and form structured visual arrangements
across six subcategories. Unlike standard bench-
marks with explicit spatial relations, our prompts
include implicit cues such as swap operations and

logical constraints. Models must resolve these high-
level descriptions into coherent coordinate-based
layouts before rendering, testing inter-object spatial
reasoning beyond surface prompt alignment.

ATTRIBUTE REASONING. Attribute Reasoning
evaluates whether UMM can track and update ob-
ject attributes under explicitly described state tran-
sitions and logical modifications (e.g., a hat being
removed). The model must generate a scene where
objects strictly exhibit the final attributes implied
by the prompt. This task requires logical filter-
ing: models must infer the terminal outcome rather
than rendering intermediate states, suppressing the
tendency to visualize irrelevant attributes.

TEXT REASONING. Text Reasoning evaluates
the model’s ability to perform context-aware text
rendering. The target text is not explicitly quoted,
but must be inferred from contextual rules, such as
identifying the “second” and “fourth” letters of a
word. The key challenge lies in symbolic reasoning:
the model must derive the correct answer from the
context while suppressing irrelevant information,
ensuring that only the final result is rendered.

2.2 Data Curation

UReason adopts a two-stage curation pipeline to en-
sure that each instance requires multi-step reason-
ing to determine a specific visual output. We begin
with human-curated seed instances and then expand
coverage through controlled LLM-assisted augmen-
tation with human verification. Additional details
about data annotation are provided in Appx. B.

Human-Curated Seed Data Construction. To
ensure the quality and diversity of UReason, human
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Benchmark ‘ Problem ‘ Size ‘ Cat./ ‘ Task Category ‘ Evaluation ‘ Metric Aspect
‘ Setting ‘ ‘ Sub. ‘ Code Arith. Spatial Attr. Text ‘ Setting ‘ Perf. Diag.
Commonsense-T2I (Fu et al., 2024) | Text-to-Image | 150 5/5 X X v v X 1 v X
WISE (Niu et al., 2025b) Text-to-Image | 1,000 | 3/25 X v v X 1 v X
R2I-Bench (Chen et al., 2025a) Text-to-Image | 3,068 | 7/32 X v v v v 1 v X
OnelG-Bench (Chang et al., 2025) Text-to-Image | 2,440 | 6/26 X 4 v 4 v 1t v X
T2I-ReasonBench (Sun et al., 2025) | Text-to-Image | 800 | 4/35 X X X v v 1t v X
GIR-Bench-T2I (Li et al., 2026b) Text-to-Image | 300 4/4 X v 4 X v 1f 4 X
KRIS-Bench (Wu et al., 2025b) Image Editing | 1,267 | 7/22 X v v v v 1f v X
RISEBench (Zhao et al., 2025) Image Editing | 360 | 4/16 X v v v X 1 v X
ROVER-IG (Liang et al., 2026) Image Editing | 908 | 4/17 X v v v X 12 v X
UReason (Ours) | Text-to-Image | 2,000 | 5/30 | v v v v v | 123 | v v

Table 1: Comparison of UReason with existing reasoning-driven image generation benchmarks. “Cat./Sub.”: number
of categories/subcategories. Evaluation settings: 1 Direct, 2 Reasoning-Guided, 3 De-contextualized. “Perf.”:
performance evaluation; “Diag.”: controlled diagnostic comparison. “T” denotes benchmarks that run preliminary
reasoning-chain experiments on specific models (e.g., Bagel) but primarily evaluate Direct Generation.

experts establish a fine-grained taxonomy over the
5 primary tasks, yielding 30 subcategories. These
subcategories cover distinct reasoning and visual
perspectives. Based on this hierarchy, experts man-
ually construct seed instances, each consisting of a
reasoning-intensive prompt and an evaluation crite-
rion specifying the expected visual outcome. All
seeds undergo strict validation, resulting in a foun-
dational dataset of 500 high-quality seed instances.

LLM-Assisted Data Augmentation. After con-
structing the seed dataset, we scale UReason with
a human-guided augmentation pipeline powered by
Gemini-3-Pro (DeepMind, 2025). Annotators sys-
tematically vary key factors of each seed instance,
including the number of reasoning steps, target
visual entities, and narrative context, to generate
diverse yet logically consistent variants. All candi-
dates undergo multi-round human-LLM refinement
and verification to ensure quality and correctness.
This process expands UReason to 2,000 test in-
stances, providing broad coverage of realistic and
challenging reasoning scenarios.

Dataset Split. The full zest set contains all 2,000
instances in UReason, while testmini is a 500-
instance subset intended for rapid validation during
model development. As reported in Appx. F, com-
parative experiments show consistent trends across
the two evaluation sets. Unless otherwise stated,
we report festmini results in the following sections.

3 Evaluation Framework

3.1 Evaluation Settings

UMM s can understand and generate multimodal
information, typically achieved through a unified

architecture to enable end-to-end training and in-
ference. For image generation tasks, recent UMMs
support reasoning-guided image generation, in
which textual reasoning is produced before visual
synthesis. As a result, image generation in UMMs
differs from traditional text-to-image models in
both architectural design and training paradigm.

As shown in Tab. 1, existing reasoning-driven
image generation benchmarks are primarily evalu-
ated under Direct Generation. To more system-
atically diagnose reasoning-to-generation align-
ment, we evaluate UMMs under the following
three settings, including Reasoning-Guided and
De-contextualized Generation.

Setting 1: Direct Generation. As illustrated in
Fig. 2 (D), this setting evaluates a model’s abil-
ity to generate an image directly from the original
prompt without explicitly producing textual rea-
soning. Given a prompt P and a UMM M, the
generated image [ is:

I=M(P). (1)

This setting provides a baseline by quantifying per-
formance without additional textual reasoning.

Setting 2: Reasoning-Guided Generation. As
illustrated in Fig. 2 (), the model generates a
reasoning trace R followed by the output image
1, conditioned on the prompt P. Crucially, both
R and I are produced within the same model and

context window. Formally:
[R,I] = M(P). (2

This setting follows the chain-of-thought style
adaptation for visual generation and measures the
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net effect of textual reasoning (Deng et al., 2025).
The reasoning trace is defined as R = [Ry, R,
where R; denotes intermediate thoughts and 2, de-
notes a refined prompt that explicitly summarizes
the intended visual specification.

Setting 3: De-contextualized Generation. As
shown in Fig. 2 (), after producing the reasoning
trace R = [Ry, R, in Setting 2, we discard the
original prompt P and the intermediate thoughts
Ry, and generate the image conditioned only on the
refined prompt R,,:

I =M(R,). 3)

As a result, this setting serves as a controlled com-
parison to Setting 2: since the refined prompt R, is
extracted from R in Setting 2, both settings encode
the same model-produced visual semantics, but in
different contextual formats. In principle, if textual
reasoning and visual generation are aligned, Setting
2 and 3 should lead to comparable performance.

3.2 Evaluation Metric

Each test instance in UReason specifies an instance-
specific, verifiable ground-truth criterion, enabling
objective and scalable evaluation across all tasks.
We therefore report two complementary metrics.
Visual Verification Accuracy measures whether a
generated image satisfies the ground-truth criterion.
Performance Gain measures accuracy differences
between settings under our evaluation protocol.

Visual Verification Accuracy. For each test in-
stance, UReason provides an instance-specific
ground-truth criterion C' that defines the expected
visual outcome under correct reasoning. Given a
generated image I, we define an indicator function
I(1,C) that returns 1 if [ satisfies C, and 0 other-
wise. The overall visual verification accuracy over
a dataset of IV instances is:

N

Accuracy = % ; I(1;, Cy). @)
For example, in ARITHMETIC reasoning, C' spec-
ifies exact object count (Fig. 1). To imple-
ment [(-, -) at scale, we employ Qwen3-VL-235B-
A22B (Team, 2025a) as our automated evalua-
tor (Zhao et al., 2025; Niu et al., 2025b; Chen et al.,
2025a; Wu et al., 2025b). We use prompts that
ask the evaluator to perform focused verification
against C. The template is provided in Appx. M,
with human validation detailed in Appx. 1.2.

Performance Gain. To further compare and ana-
lyze the contribution of different contextual infor-
mation for the reasoning-driven image generation,
we measure the performance improvement between
consecutive settings. Let ¢ and j denote two set-
tings in our evaluation protocol with ¢ < j. We
define the performance gain from ¢ to j as:

Ay = Accuracyj — Accuracy;, 5

We focus on two transitions: Aj_,o quantifies the
benefit of incorporating reasoning for image gen-
eration, while Ay .3 measures the gap between
Setting 2 and Setting 3, which are designed to pre-
serve the same intended visual semantics.

4 Experiments

4.1 Models

We benchmark 8 widely utilized open-source
UMMs trained to perform reasoning-guided image
generation: Bagel (Deng et al., 2025), SRUM (Jin
et al., 2025), UniCoT, UniCoT-v2 (Qin et al.,
2026), ThinkMorph (Gu et al., 2026), Bagel-Zebra-
CoT (Li et al., 2026a), UniMoE2 (Li et al., 2025a)
and T2I-R1 (Jiang et al., 2025). We do not eval-
uate closed-source systems such as Nano Banana
Pro (Google, 2026), since it is unclear whether
they are end-to-end UMMs, making our evaluation
protocol difficult to apply (detailed in Appx. J).

4.2 Main Results

Tab. 2 reports the performance of all evaluated mod-
els under our 3 diagnostic settings.

Direct Prompting Performs Poorly on Implicit
Targets. Direct Generation yields low accuracy
across models and tasks, with overall performance
ranging from 4.2% to 8.2%. This shows that di-
rect text-to-image mapping is fundamentally in-
sufficient to solve UReason, as the target visual
content is intentionally implicit and must be de-
rived through multi-step reasoning before visual
generation.

Chain-of-Thought Reasoning Enhances Genera-
tion Capabilities. Comparing Direct Generation
with Reasoning-Guided Generation, introducing
explicit chain-of-thought reasoning improves over-
all performance for all eight models, with gains
ranging from +0.4% (T2I-R1) to +19.2% (UniCoT-
v2). These results indicate that CoT can effectively
elicit reasoning behaviors that benefit unified mul-
timodal generation. A concrete illustration of this
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Model | Setti | Code Arithmetic Spatial Attribute Text |  Overall
ode \ etting | Acc A Acc A Acc A Acc A Acc A | Acc A

1 10.0 - 50 - 30 - 60 - 90 | 66 -

Bagel 2 30.0 +20.0 140 490 150 +12.0 19.0 +13.0 11.0 +20| 17.8 +11.2
3 | 580 4280 510 +37.0 58.0 +43.0 60.0 +41.0 86.0 +75.0 | 62.6 +44.8

, 1 9.0 - 20 - 20 - 50 - 30 | 42 -

UniCoT-v2 2 1270 4180 190 +17.0 290 +27.0 21.0 +160 21.0 +180 | 234 +192
3 | 650 +380 450 +260 460 +17.0 67.0 +46.0 87.0 +66.0 | 62.0 +38.6

1 11.0 - 40 - 30 - 60 - 70 | 62 -

SRUM 2 1250 4140 80 440 200 +170 240 +180 60 -1.0| 166 +104
3 | 67.0 +42.0 500 +42.0 50.0 +30.0 50.0 +26.0 82.0 +76.0 | 59.8 +43.2

1 7.0 - 70 - 20 ~ 100 - 50 | 62 -

Bagel-Zebra | 140 470 100 430 150 +13.0 230 +13.0 100 +50| 144 482
-CoT 3 | 500 +36.0 43.0 +33.0 33.0 +18.0 48.0 4250 850 +75.0 | 51.8 +37.4
_ 1 9.0 - 10 - 40 - 30 -~ 100 | 54 -

ThinkMorph 2 19.0 +10.0 120 +11.0 150 +11.0 260 +230 50 -5.0| 154 +10.0
3 | 49.0 4300 37.0 +25.0 450 +30.0 550 +29.0 710 +66.0 | 51.4 +36.0

4 1 12.0 - 30 - 60 - 120 - 80 | 82 -

UniCoT 2 1330 4210 180 +150 260 +200 210 490 120 440|220 +138
3570 4240 420 4240 500 +24.0 420 +21.0 52.0 +40.0 | 48.6 +26.6

1 3.0 - 60 - 40 - 90 - 20 | 48 -

T2IR1 2 60 +30 40 20 20 20 110 +20 30 +10| 52 404
301200 +140 150 +11.0 120 +10.0 27.0 +16.0 47.0 +44.0 | 242 +19.0

, 1 50 - 40 - 20 - 100 - 40 | 50 -

UniMoE2 2 100  +50 30 -10 30 410 120 420 60 +20| 68 +18
3 (170 470 13.0 +10.0 80 450 21.0 +9.0 13.0 +7.0 | 144 +7.6

Table 2: Model performance across three evaluation settings on UReason. Acc and A denote visual verification

accuracy (%) and performance gain over the previous setting, respectively.

1, 2, and 3 represent Direct

Generation, Reasoning-Guided Generation and De-contextualized Generation, respectively.

benefit emerges in the CODE task. In Direct Gen-
eration, models frequently fail to map raw syntax,
such as HTML tags, into coherent visual layouts.
In contrast, Reasoning-Guided Generation enables
models to first translate the code into a description
of the intended rendering, which provides a more
interpretable conditioning signal for subsequent im-
age synthesis. For example, Bagel improves from
10.0% to 30.0% on CODE, and UniCoT improves
from 12.0% to 33.0%.

De-contextualized Generation Consistently
Outperforms Reasoning-Guided Genera-
tion. While Reasoning-Guided Generation
improves performance over Direct Generation,
De-contextualized Generation yields an even
larger gain. As shown in Tab. 2, accuracy
increases from Reasoning-Guided Generation to
De-contextualized Generation for every model,
reaching +44.8% for Bagel, +43.2% for SRUM
and +26.6% for UniCoT. This result is notable
because the two settings preserve the same

intended visual semantics. In principle, if textual
reasoning is reflected in visual generation, these
two settings should yield comparable performance.
The consistent gap suggests that, despite a unified
architecture and training in reasoning-guided
image generation, current UMMs still exhibit a
reasoning-to-generation alignment gap between
textual reasoning and visual generation. In Sec. 5,
we further examine possible factors associated
with this gap, including reasoning quality, context
length, error and attention analysis.

Full-Test Results Confirm the Main Trend. We
additionally evaluate all eight models on the full
test set. De-contextualized Generation outperforms
Reasoning-Guided Generation for every model,
with gains ranging from 8.6 to 44.4 percentage
points. These gains are consistent in direction and
magnitude with those observed on testmini, con-
firming that the main trend is not specific to the
selected subset. Full per-task results for both evalu-
ation sets are reported in Appx. F.
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Model |Code Arith. Spatial Attr. Text|Overall Model #R, Code Arith. Spatial Attr. Text Overall
Bagel 93.0 940 88.0 96.0 96.0| 934 1x 58.0 51.0 58.0 60.0 86.0 62.6
SRUM 91.0 910 88.0 93.0 95.0| 91.6 Bagel 4x  63.0 49.0 520 53.0 850 604
UniCoT 84.0 70.0 84.0 99.0 95.0| 86.4 8x 58.0 46.0 48.0 47.0 84.0 56.6
ThinkMorph 83.0 82.0 850 96.0 91.0| 874
1x 49.0 37.0 450 55.071.0 514
Bagel-Zebra-CoT| 75.0 89.0 79.0 94.0 92.0| 85.8 ThinkMorph 4x 460 340 370 550 73.0 490
. . . . 8x 440 33.0 340 51.0 73.0 47.0
Table 3: Reasoning chain quality evaluation. We report 1% 500 430 330 450 850 518
the accuracy (%) qf generated reasoning chains against Bagel-Zebra- 300 220 300 420 770 480
ground-truth criteria across tasks. CoT 8% 490 36.0 250 38.0 74.0 44.4

Internal B Qwen2.5-7B Qwen3-8B M Qwen3-235B-A22B

89.0
860 540 84.0

Aceuracy (%)

Code Arithmetic Attribute Text

Spatial

Figure 3: Comparison of internal (Bagel) and external
(Qwen) prompt models across 5 tasks.

5 Discussion

Evaluating the Quality of Reasoning Chains.
To localize the performance bottleneck, we ask
whether failures originate from incorrect reason-
ing in intended visual semantics. We evaluate cor-
rectness of reasoning-chain R against ground-truth
criteria using Qwen3-235B-A22B as an LLM-as-
judge (see Appx. M for details). As shown in Tab. 3,
models achieve consistently high reasoning accu-
racy, with Bagel reaching 93.4% overall. This sug-
gests that UMM s can often infer the ground-truth
visual target and produce coherent specifications.
Therefore, the dominant challenge lies in faithfully
realizing these specifications in pixels.

UMMs as Intrinsic Prompt Models. Modern
online T2I systems employ an external prompt
model to rewrite instructions before image synthe-
sis (e.g., Qwen-Image (Team, 2025b)), highlight-
ing prompt optimization as a practical component
of T2I pipelines. A key advantage of UMMs is
that they can perform this refinement end-to-end,
without an external LLM. To quantify this capa-
bility, we compare Bagel’s self-generated refined
prompts with external prompt models based on
Qwen2.5-7B, Qwen3-8B, and Qwen3-235B-A22B.
As shown in Fig. 3, Bagel outperforms its LLM
backbone Qwen2.5-7B and achieves performance
comparable to stronger prompt models, including
Qwen3-8B and Qwen3-235B-A22B. These results
suggest that UMM s are native self-prompt models,
offering a promising end-to-end alternative to the

Table 4: Length-controlled ablation. 1x/4x/8x denotes
the refined prompt R, repeated once, four, or eight
times, where 4 x approximates the average token length
of a full reasoning trace in our evaluation.

two-stage prompt-rewrite-then-generate pipeline.

Ablating the Effect of Context Length. To de-
termine whether the observed performance drop
is due to longer contextual sequences alone, we
conduct a length-controlled ablation. In this setup,
the refined prompt R, is repeated 4 x or 8 x with-
out introducing any new semantic content. As
shown in Tab. 4, artificially lengthening the con-
text causes a relatively minor overall performance
decline (at most —6.0% for Bagel at 8 x), which is
drastically smaller than the —44.8% gap observed
between Reasoning-Guided Generation and De-
contextualized Generation. Moreover, the evalu-
ated UMMs are explicitly trained for reasoning-
guided image generation. We further examine the
training length distributions of representative mod-
els (Appx. G) and verify that the UReason evalua-
tion sequences fall well within their typical training
ranges, indicating no out-of-distribution length. We
further conduct controlled experiments examining
refined-prompt quality, prompt format, delimiters,
testmini sampling, and the effect of preceding rea-
soning content with 17, held fixed. These results
show that the examined factors cannot fully explain
the gap and that preceding reasoning content still
degrades performance when R, is fixed; full results
are provided in Appx. E.

Experiments on Alternative Evaluators. To fur-
ther assess the robustness of our evaluation results,
we employ two additional closed-source models,
Gemini-2.5-Pro and Gemini-3.1-Pro, as alterna-
tive automated evaluators. We use these evalu-
ators to assess UniCoT under all three settings.
As shown in Table 5, minor absolute differences
exist, possibly reflecting differences in the eval-
uators’ baseline VQA capabilities (human agree-
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‘ . H Code Arithmetic Spatial Attribute Text ‘ Overall
Evaluator Setting
‘ | Acc A Acc A Acc A Acc A Acc A | Acc A
Qwen3-VL 1 12.0 - 3.0 - 6.0 - 120 - 8.0 - 8.2 -
-235B-A22B 2 330 +21.0 180 +150 260 +20.0 21.0 +9.0  12.0 +4.0 | 22.0 +13.8
3 57.0 +24.0 420 +24.0 500 +24.0 42.0 +21.0 52.0 +40.0 | 48.6 +26.6
.. 1 10.0 - 40 - 7.0 - 100 - 90 - 8.0 -
Gemini-2.5
Pro 2 30.0 +20.0 180 +140 230 +16.0 17.0 +7.0 9.0 0.0 | 194 +114
3 53.0 +23.0 40.0 +22.0 47.0 +24.0 43.0 +26.0 48.0 +39.0 | 46.2 +26.8
- 1 10.0 - 3.0 - 6.0 - 100 - 8.0 - 74 -
Gemini-3.1 )
Pro 2 31.0 +21.0 160 +13.0 23.0 +17.0 150 +50 100 +2.0 | 19.0 +11.6
3 52.0 +21.0 41.0 +25.0 48.0 +25.0 40.0 +25.0 450 +35.0 | 452 +26.2

Table 5: Alternative evaluator results on the UniCoT model. Acc and A denote visual verification accuracy (%) and
performance gain over the previous setting, respectively. 1, 2, and 3 represent Direct Generation, Reasoning-
Guided Generation and De-contextualized Generation, respectively.

Prompt Code Arith. Spatial Attr. Text Overall
Model R, 58.0 51.0 580 60.0 8.0 62.6
GoldR, 720 58.0 66.0 61.0 91.0 69.6

Table 6: Bagel performance (%) with its model-
generated refined prompt 7, and the human-verified,
answer-grounded gold refined prompt 1.

ment: 0.941 and 0.950 for Gemini-2.5-Pro and
Gemini-3.1-Pro, respectively, compared with 0.924
for Qwen3-VL-235B-A22B); nevertheless, the rel-
ative performance trends across all three settings
remain highly consistent. Gemini-2.5-Pro and
Gemini-3.1-Pro replicate the experimental find-
ings, showing substantial performance gains in De-
contextualized Generation over Reasoning-Guided
Generation. These consistent trends suggest that
the observed reasoning-to-generation gap is not an
artifact of a particular evaluator.

Gold Refined-Prompt Baseline. To separate
generation fidelity from errors in a model’s
self-generated R,, we construct an answer-
grounded gold refined prompt R for each in-
stance. Gemini-3.1-Pro receives the task and
human-annotated ground-truth criterion and pro-
duces a self-contained visual description contain-
ing every required element and only the final state.
Each description is human-verified against the cri-
terion before use. As shown in Tab. 6, Bagel
improves by 7.0 points over its own I2,, from
62.6% to 69.6%. This moderate gain is consis-
tent with Bagel’s high reasoning-chain accuracy
and leaves substantial headroom in the generation
stage, where the model must faithfully translate the
intended visual semantics specified in the refined

Layers P Ry R,

1-7 398 550 9.79
8-14 311 422 824
15-21 020 030 0.79
22-28 012 021 0.58
1-28 185 256 4.85

Table 7: Average attention weights across layers for
Bagel during image generation, scaled by 10~

prompt into pixel-level realization.

Attention Analysis. To better understand why
the same intended visual semantics can lead to dif-
ferent generation outcomes, we conduct an atten-
tion analysis on Bagel. During image generation,
we extract average attention weights assigned to
three token groups: P, R;, and R,. As shown in
Table 7, the model allocates substantial attention
to P and R, particularly in early to middle layers.
Across layers, the attention paid to the intermedi-
ate reasoning trace R; remains more than half of
that paid to R,,. This suggests that image genera-
tion is highly sensitive to contextual interference,
which may compete with the final visual specifica-
tion and weaken the transfer from intended visual
semantics to pixels. This suggests that contextual
interference may partly contribute to the observed
reasoning-to-generation alignment gap in UMMs.
Appx. H provides further details, including analo-
gous analyses on ThinkMorph and T2I-R1, which
reveal similar attention patterns and further support
the presence of contextual interference across dif-
ferent UMMSs. We hope these findings motivate
future work that better preserves intended visual
semantics during reasoning-to-generation transfer.
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Error Analysis. To understand failure modes,
error cases from Bagel under Setting 2 are ana-
lyzed, identifying four error types: (1) Reason-
ing Errors (5.8%; see Fig. 14): the model pro-
duces an incorrect reasoning chain or derives an
incorrect final state, such as miscalculating object
counts; (2) Instruction Misinterpretation (10.6%;
see Fig. 15): the model misunderstands the funda-
mental intent of the instruction, such as rendering
code text itself rather than visualizing the object
specified by the code; (3) Concept Hallucination
(8.2%; see Fig. 16): the generated image introduces
objects or visual concepts that are not specified
in the input prompt; and (4) Task-Specific Errors
(75.4%; see Figs. 17-21): the model correctly rea-
sons about the intended visual outcome but fails
to faithfully realize specific task requirements in
the generated image, such as object counts, spa-
tial arrangements, attributes, or rendered text. The
dominance of task-specific errors highlights the
reasoning-to-generation alignment gap: even when
models derive the correct visual intent in textual
reasoning, they often fail to faithfully realize it in
the generated image. This result demonstrates URe-
ason’s effectiveness as a diagnostic benchmark for
fine-grained failure analysis. Representative error
cases are provided in Appx. N.

6 Related Work

Unified Multimodal Models. Unified multimodal
models aim to support multimodal understanding
and generation within a single model, typically
by mapping text and images into a shared rep-
resentational interface. Recent approaches span
diffusion-based models (Li et al., 2025c; Swerd-
low et al., 2025; Shi et al., 2025), autoregressive
models (Team, 2024; Wang et al., 2024; Wu et al.,
2025a; Chen et al., 2025¢; Tong et al., 2025), and
hybrids that combine both mechanisms (Zhou et al.,
2024; Xie et al., 2024; Deng et al., 2025). Despite
these advances, characterizing cross-modal interac-
tions and the interplay between understanding and
generation remains an active research area (Yan
et al., 2026; Liang et al., 2026; Niu et al., 2025a;
Zhang et al., 2025). UReason complements this
line of work by providing a diagnostic evaluation
of reasoning-to-generation alignment, specifically
how textual reasoning influences visual generation.

Chain-of-Thought. Chain-of-thought reasoning
has emerged as a powerful technique to enhance the
capabilities of LLMs (Wei et al., 2022; Chen et al.,

2025b) and MLLMs (Li et al., 2025b; Luo et al.,
2025). Recent large reasoning models (OpenAl,
2024, 2025; Guo et al., 2025a) further demonstrate
that test-time scaling enables more accurate out-
comes. UMMs integrate processing for language
and image within a single architecture, which pro-
vides a natural foundation for reasoning-guided im-
age generation. Consequently, recent works (Jiang
et al., 2025; Deng et al., 2025; Jin et al., 2025;
Yang et al., 2025; Qin et al., 2026; Liang et al.,
2026; Gao et al., 2026) have adopted explicit rea-
soning chains to plan via natural language before
synthesizing images. Despite the appeal of this
reasoning-guided paradigm, the actual alignment
between reasoning and visual generation quality re-
mains underexplored, motivating our investigation
of reasoning-to-generation alignment in this area.

T2I Benchmarks. T2I benchmarks have pro-
gressed from evaluating explicit prompt adherence
to probing implicit reasoning capabilities. Prior
work focuses on generation quality via text-image
alignment (Saharia et al., 2022; Ghosh et al., 2023;
Lee et al., 2023), compositional generation (Huang
et al., 2023), and safety constraints (Schramowski
et al., 2023; Seshadri et al., 2024). More recent
benchmarks target reasoning-driven scenarios that
require commonsense and world knowledge (Fu
et al., 2024; Niu et al., 2025b; Chen et al., 2025a;
Sun et al., 2025; Chang et al., 2025). UReason
complements this line of work with probing cross-
modality alignment between textual reasoning and
visual generation in UMMs.

7 Conclusion

We introduce UReason, a diagnostic benchmark for
reasoning-guided image generation in UMMs, with
5 tasks, 2,000 instances and a controlled frame-
work comparing direct, reasoning-guided, and de-
contextualized generation. Across 8 open-source
models, we observe that reasoning improves over
direct prompting, the intended visual semantics
expressed in textual reasoning are not always faith-
fully reflected in the generated images, and condi-
tioning only on the refined prompt often performs
best, showing the reasoning-to-generation align-
ment gap. These findings suggest that advancing
UMM s requires not only stronger reasoning capa-
bilities, but also more robust mechanisms to ensure
that inferred visual semantics can be reliably car-
ried through the image generation process.
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Limitations

UReason focuses on single-turn reasoning-guided
image generation, which allows us to cleanly at-
tribute each outcome to a specific reasoning-to-
generation (i.e., from textual reasoning to visual
generation) process. We do not explicitly evaluate
image editing tasks. Nevertheless, we expect simi-
lar reasoning-to-generation tensions to arise in edit-
ing pipelines that condition on verbose reasoning
or edit histories. Extending UReason and our diag-
nostic protocol to multi-turn interactions remains
an important direction, as interference effects may
become more pronounced when reasoning traces
accumulate over turns.
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A LLM Disclosure

We use Gemini-3-Pro to conduct LLM-Assisted
Data Augmentation as detailed in Section B. LLMs
are used to assist with drafting and polishing paper
text. No LLMs are used to originate research ideas.

B Data Annotation

B.1 Task Taxonomy

To guarantee the quality and diversity of UReason,
human experts first establish a fine-grained taxon-
omy spanning 30 subcategories under the five pri-
mary tasks (Fig. 4). Each subcategory is designed
to isolate a distinct reasoning capability or visual
aspect, intentionally focusing on fundamental op-
erations and visual characteristics. This granular
design enables convenient and precise error local-
ization and diagnostic analysis. Importantly, these
subcategories are not mutually exclusive and can
be combined to construct test cases when needed.

CODE REASONING UReason defines eight sub-
categories for Code Reasoning based on pro-
gramming languages, covering object-oriented lan-
guages (Python, C#, C++, Java), front-end tech-
nologies (HTML, CSS, JavaScript), SQL for data
querying, and various programming paradigms.
Models are required to understand language-
specific syntax, control flow, data structures, and
computational logic to simulate code execution and
determine the final visual rendering. This compre-
hensive coverage ensures that models must possess
broad code comprehension capabilities across dif-
ferent programming ecosystems. Notably, code
snippets are designed such that their visual outputs
involve arithmetic counts, spatial layouts, attribute
constraints, and text rendering.

ARITHMETIC REASONING UReason defines
seven subcategories for Arithmetic Reasoning cov-
ering different operational complexities and ob-
ject configurations. Single-Type (St) and Multi-
Type (Mt) subcategories distinguish scenarios
based on object diversity, while Add (Add), Sub-
tract (Sub), Multiply (Mul), Divide (Div), and
Transfer (Trf) subcategories focus on specific arith-
metic operations. Models are required to perform
sequential numerical reasoning through narrative
events, tracking quantity changes dynamically and
ensuring that the final visual output strictly reflects
the calculated object count. This demands mod-
els to transcend superficial keyword matching and
function as quantitative reasoners.
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Figure 4: Taxonomy of UReason tasks. The benchmark
contains 5 task categories with 30 fine-grained subcate-
gories covering diverse reasoning and visual generation
challenges.

SPATIAL REASONING UReason defines six sub-
categories for Spatial Reasoning covering different
spatial arrangement paradigms: Horizontal (Hor),
Vertical (Ver), Grid (Grd), Absolute (Abs), Rel-
ative (Rel), and Constraint (Cst). These subcate-
gories assess models’ capacity to resolve high-level
semantic descriptions into structured coordinate-
based layouts. Unlike standard benchmarks where
spatial relationships are explicitly stated, mod-
els must infer spatial configurations from implicit
cues, logical constraints, and relational reasoning.
The Constraint subcategory particularly challenges
models to act as spatial reasoners that interpret
and satisfy predefined placement rules and restric-
tions—such as “object A cannot be adjacent to
object B” or “all red objects must be on the left
side”—before determining the final spatial arrange-
ment that complies with all specified constraints.

ATTRIBUTE REASONING UReason defines five
subcategories for Attribute Reasoning based on dif-
ferent object properties: Color (Clr), Shape (Shp),
Texture (Tex), Presence (Prs) and Position (Pos).
These subcategories evaluate models’ capability
to track and update object attributes through state
transitions and logical modifications described in
the text. Models must perform logical filtering to
derive the terminal outcome rather than rendering
initial or intermediate states, effectively suppress-
ing visual biases toward irrelevant attributes men-
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tioned in the prompt. This requires maintaining
attribute consistency throughout complex state evo-
lution narratives.

TEXT REASONING UReason defines four sub-
categories for Text Reasoning based on the gran-
ularity of textual elements: Character (Chr),
Word (Wrd), Number (Num), and Symbol (Sym).
These subcategories assess models’ ability to per-
form context-aware text inference at different se-
mantic levels. Models must derive the target text
through contextual rules, linguistic transformations,
mathematical operations, or symbolic reasoning,
rather than directly rendering explicitly quoted
strings. This requires models to act as symbolic
reasoners that suppress irrelevant information and
render only the logically derived final result.

B.2 Annotation Pipeline

In this section, we provide comprehensive de-
tails about the data curation process of UReason,
including the human-curated seed data construc-
tion, LLM-assisted augmentation pipeline, and data
statistics.

B.2.1 Human-Curated Seed Data
Construction

Annotator Background. Our annotation team
consists of 5 expert annotators with professional
backgrounds in computer vision and natural lan-
guage processing. All annotators possess at least
a Master’s degree in computer science, with an
average of 3 years of experience in Al research.

Taxonomy Design Process. The design of our
fine-grained taxonomy follows a systematic, multi-
stage approach. We first identify five primary rea-
soning dimensions—Code, Arithmetic, Spatial, At-
tribute, and Text—based on a literature review of
reasoning capabilities in language models and an
analysis of real-world visual generation require-
ments. For each primary category, we conduct
brainstorming sessions with human annotators to
identify representative subcategories, with selec-
tion criteria emphasizing coverage of diverse rea-
soning patterns, distinctiveness in targeting spe-
cific skills, verifiability for objective evaluation
and practical relevance to real-world use cases. We
then conduct a pilot study with 10 instances per
subcategory to verify feasibility. After iterative
refinement, we establish the final taxonomy com-
prising 30 subcategories across 5 main tasks, as
illustrated in Fig. 4.

Seed Instance Construction Details. Expert an-
notators manually construct seed instances follow-
ing specific design principles:

As shown in Fig. 1, for prompt design, each
prompt necessitates intermediate reasoning steps
to derive the visual target. While the target remains
implicit, the prompt provides sufficient informa-
tion for a unique, deterministic solution. For eval-
uation criterion design, each criterion specifies a
concrete, verifiable aspect of the generated image,
such as exact object counts, specific text strings,
or precise spatial relationships. We specify exact
values rather than ranges for quantitative attributes
and define clear verification rules for qualitative
attributes. Different task categories employ tai-
lored criterion formats: Arithmetic tasks specify ex-
act object counts after all operations, Spatial tasks
define precise positional relationships or arrange-
ments, Attribute tasks indicate final resolved object
attributes, Text tasks require exact text strings to be
rendered, and Code tasks encompass all four of the
above aspects.

Notably, our early pilot experiments reveal that
excessively large quantities or lengthy text strings
pose significant challenges for current UMMs,
prompting us to adjust the difficulty levels accord-
ingly in our annotation process.

B.2.2 LLM-Assisted Data Augmentation

We use Gemini-3-Pro (DeepMind, 2025) to gener-
ate 10 candidate variants for each of the 500 seed
instances, yielding 5,000 candidates. We system-
atically vary three dimensions while preserving a
unique answer: reasoning complexity, target visual
entities, and narrative context. Complexity is con-
trolled by adding or removing reasoning steps and
distractors; visual variation includes object types,
quantities, colors, shapes, sizes, and textures; narra-
tive variation covers linguistic styles and everyday
or scientific scenarios. Gemini is used only to pro-
pose candidates; all inclusion decisions and final
labels are made by human annotators. We also
constrain quantities and text lengths based on pilot
studies so that the resulting criteria remain visually
verifiable.

Human-LLM Interaction Workflow. Each of
the 5,000 candidates is independently labeled by
three expert annotators as accepted, requiring re-
vision, or rejected. Inter-annotator agreement is
substantial (Fleiss’ k = 0.78). Disagreements are
resolved through discussion, and annotators retain
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the best three candidates per seed, corresponding
to a 30% adoption rate; the remaining 70% are not
adopted.

Candidates requiring revision enter a multi-
round human-LLM refinement loop. Every re-
tained candidate then undergoes unanimous final
human verification for logical correctness, label
correctness, diversity, stylistic variation, and com-
pliance with the evaluation criterion. Together
with the 500 manually authored seeds, all 1,500
retained variants pass this final verification to form
the 2,000-instance benchmark. We additionally in-
spect candidates for shortcut cues and superficial
patterns that could reveal the target without the
intended reasoning.

B.3 Data Statistics

Tab. 8 presents the statistics of UReason. The
benchmark comprises 2, 000 instances evenly dis-
tributed across five task categories (400 each), span-
ning 30 fine-grained subcategories. Subcategory
counts reflect each domain’s scope: CODE encom-
passes 8 programming languages, while ARITH-
METIC, SPATIAL, ATTRIBUTE, and TEXT contain
7, 6, 5, and 4 subcategories respectively. Prompt
lengths are measured using the Qwen3-8B tok-
enizer.

B.4 Details on Comparison with Existing
Benchmarks

Tab. 1 compares UReason with existing reasoning-
driven image generation benchmarks. Compared
with prior text-to-image and image-editing bench-
marks, UReason provides a larger and more fine-
grained diagnostic testbed, containing 2,000 in-
stances across 5 task categories and 30 subcate-
gories. This scale and taxonomy allow UReason to
cover a broader range of reasoning-to-generation
challenges, including CODE, ARITHMETIC, SPA-
TIAL, ATTRIBUTE, and TEXT reasoning. In par-
ticular, UReason introduces the under-explored
CODE reasoning domain, where models must inter-
pret code snippets across multiple programming
languages, reason over execution logic or state
changes, and synthesize the corresponding visual
outcomes.

Beyond dataset coverage, UReason differs from
prior benchmarks in how it measures reasoning-to-
generation alignment. Most existing benchmarks
primarily evaluate final-image performance under
direct generation, and some only run preliminary
reasoning-chain experiments on specific models.

In contrast, UReason evaluates whether the image
generated in the same inference process faithfully
reflects the model’s own textual reasoning. By fur-
ther comparing Reasoning-Guided Generation with
De-contextualized Generation, UReason provides
a controlled way to measure whether intermediate
reasoning context helps or interferes with visual
synthesis. This formulation differs from bench-
marks that infer alignment or consistency indirectly
from final task performance across separate multi-
modality understanding and generation tasks (Li
et al., 2026b). Therefore, UReason contributes
both a broad benchmark with new task coverage
and a controlled protocol for analyzing reasoning-
to-generation alignment in UMM s.

C Details on Evaluation Settings

Our evaluation settings are designed to diagnose
whether visual generation in reasoning-guided
image generation faithfully reflects the intended
visual semantics expressed in textual reasoning,
thereby providing a controlled lens on reasoning-
to-generation alignment in UMMs.

UMM s typically support two generation modes:
Direct Generation, which generates an image di-
rectly from the user instruction, and Reasoning-
Guided Generation, which generates textual rea-
soning for image generation. We additionally in-
troduce De-contextualized Generation, which con-
ditions image generation only on the model’s in-
tended visual specification!.

A key design choice is how to obtain this in-
tended visual specification. Rather than relying on
an external model or human annotation to summa-
rize the reasoning trace, we explicitly require the
evaluated model to output a refined prompt, R, at
the end of the reasoning trace. This refined prompt
serves as the model’s own textual summary of the
final visual target, i.e., the intended visual seman-
tics that the model aims to realize in the image.

This design is important for fairness and compa-
rability. In principle, one could attempt to infer the
intended visual semantics directly from the textual
reasoning trace. However, doing so would typi-
cally require an additional summarization step, of-
ten involving an external model, to convert reason-
ing trace into a concise visual specification. Such
a multi-stage pipeline would introduce additional

'In this paper, we use infended visual semantics to refer
to the final visual target in the abstract representational space,
and intended visual specification to refer to its expression in
concrete textual form.
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Category | Code  Arithmetic ~Spatial ~Attribute  Text | Overall
Count 400 400 400 400 400 2000
Subcategories 8 7 6 5 4 30
Prompt Length (AVG.) | 113.14 131.44 169.27 97.78 79.66 | 118.26
Prompt Length (STD.) | 51.61 13.11 35.90 18.79 8.33 42.97

Table 8: Statistics of UReason across different tasks.

model bias and cumulative error, making it harder
to attribute performance differences to the evalu-
ated UMM itself. By instead requiring the model
to explicitly produce R,, we ensure that the de-
contextualized setting uses the model’s own final
visual specification while avoiding confounding
effects from external summarization.

This formulation also brings practical benefits.
Because R, is explicitly expressed in text, it pro-
vides an interpretable representation of the in-
tended visual semantics for downstream analy-
sis. This supports not only a fair comparison
between Reasoning-Guided Generation and De-
contextualized Generation, but also subsequent
analyses of reasoning chains and attention behavior
discussed in the paper.

D Discussion on the Scope of Reasoning

In this work, reasoning refers to the free-form, lin-
ear solution traces produced by existing reasoning-
guided UMMs before image synthesis. Self-
generated reflection also does not necessarily in-
duce renewed visual grounding (Shi et al., 2026).
We do not study structured reasoning frameworks
that rely on explicit search, path selection, or
process-level verification, such as Tree of Thoughts
or Monte Carlo tree search. Existing UMMs are
trained primarily on free-form reasoning data, so
imposing a structured format only at inference time
could introduce a train—test mismatch. Extending
unified models with structured and verifiable rea-
soning remains an important direction for future
work.

E Additional Controlled Analyses

Prompt-Format and Delimiter Controls. We
test whether the Setting-2 gap is an artifact of the
output template by changing only its format to an
equation-style representation, thinking="...",
refined_prompt="...". We separately prepend
empty <think></think> delimiters to the same
R, in Setting 3. Seeds, samplers, and all sam-

pling parameters are fixed within each comparison.

Tab. 9 shows that the format changes overall accu-
racy by at most 0.8 points and the delimiters by at
most 2.4 points, both far smaller than the Setting-
2-to-Setting-3 gaps.

Holding the Refined Prompt Fixed. Starting
from Bagel’s Setting-2 output, we parse the trace
into [Ry, Ry), retain the same R, and generation
format, and replace R; with a trace sampled from
an unrelated instance generated by the same model.
Tab. 10 compares I?;, alone, the original iy + R,
and the unrelated R; + R,. Adding the original
trace reduces accuracy from 62.6% to 21.0%; an
unrelated trace reduces it further to 16.4%. This in-
tervention isolates the effect of preceding reasoning
content while controlling for the refined prompt,
delimiters, format, and generation mode.

Subsampling Stability. We randomly draw 100
instances per task from the full 2,000-instance
benchmark and recompute overall accuracy on each
resulting 500-instance subset, repeating the pro-
cedure 2,000 times. For Bagel, the subsampled
accuracies are 64.1 + 2.3% under Setting 3 and
19.5 & 2.1% under Setting 2. This variability is
much smaller than the observed 44.8-point gap,
showing that the result is stable to the particular
testmini sample.

F Consistency Between the Test and
Testmini Sets

Tab. 11 reports detailed performance for all eight
unified multimodal models across all three evalua-
tion settings on both the full test set and its testmini
subset. The results demonstrate strong consistency
between the full test set and testmini. The consis-
tent trends and minimal performance gaps suggest
that testmini effectively mirrors the full test set,
serving as a reliable and efficient evaluation subset
for model development, particularly for researchers
with limited computational resources.
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Control Model/Condition Code Arith. Spatial Attr. Text Overall
Bagel, original 30.0 14.0 15.0 19.0 11.0 17.8
Promot format Bagel, equation format 29.0 17.0 13.0 16.0 12.0 17.4
P UniCoT-v2, original 27.0 19.0 29.0 21.0 21.0 234
UniCoT-v2, equation format 25.0 19.0 27.0 20.0 22.0 22.6
Bagel, R, only 58.0 51.0 58.0 60.0 86.0 62.6
Delimiter Bagel, empty delimiters +R,, 540 49.0 58.0 61.0 83.0 61.0
UniCoT-v2, R, only 65.0 45.0 46.0 67.0 87.0 62.0
UniCoT-v2, empty delimiters +R, 63.0  43.0 43.0 64.0 85.0 59.6

Table 9: Prompt-format and delimiter controls on testmini.

The equation format uses thinking="...",

refined_prompt="..."; the delimiter control prepends <think></think> to the same R,. Seeds, samplers,
and sampling parameters are held fixed within each comparison.

Context Code Arith. Spatial Attr. Text Overall
R, only 580 510 580 60.0 860 62.6
Original R; + R, 350 150 200 21.0 140 21.0
Unrelated R; + R, 31.0 13.0 150 150 80 164

Table 10: Controlled intervention on Bagel (accuracy,
%). The refined prompt and generation format are fixed
while the preceding reasoning content is varied.

G Context Length Statistics for Training
and Evaluation

The UMMs evaluated in our experiments are all ex-
plicitly post-trained for reasoning-guided image
generation, which helps avoid the concern that
the reasoning-style context or their lengths are
out of distribution for the models. To further ver-
ify that the performance degradation observed in
Reasoning-guided Generation is not attributable to
context lengths, we compare the token lengths of
open-source reasoning-guided image generation
training data for ThinkMorph (Gu et al., 2026)
and Bagel-Zebra-CoT (Li et al., 2026a), both of
which explicitly include reasoning-guided image
generation data, against the average textual context
length encountered during UReason evaluation. As
shown in Tab. 12, UReason evaluation sequences
are consistently shorter than the models’ training
distribution across both models, confirming that the
models are not exposed to unprecedented sequence
lengths.

H Details on Attention Analysis

H.1 Attention Weight Computation

Attention allocation has also been used to diagnose
multimodal reasoning (Luo et al., 2026). To ex-
plore the causal mechanisms, we conduct an atten-
tion analysis on Bagel (Deng et al., 2025) in Sec. 5.
Here, we present more details on the attention anal-

ysis. To analyze attention during image generation,
we consider three semantic groups in the input se-
quence: the original prompt P, the intermediate
reasoning trace I?;, and the refined prompt 1,,. At
each diffusion timestep, for each layer /¢, the at-
tention weight matrix A() ¢ RH*LaxLk captures
the normalized attention each query token assigns
to every key token, where H is the number of at-
tention heads, and L, Lj denote the query and
key sequence lengths, respectively. The query to-
kens correspond to the visual generation tokens
produced during image synthesis, while the key
tokens span the full input context including P, Ry,
and R,,. The attention received by each token group
is obtained by averaging over the corresponding
key positions and attention heads:

a0 _ 1§:le<4> ,
g H Pt ‘g| hyig

j€G

(6)

where G € {P, R, R,} denotes the index set of
tokens belonging to each group. The final reported
values are averaged across all evaluated samples,
all diffusion timesteps, and all query tokens within
each of the four contiguous layer groups (layers
1-7, 8-14, 15-21, and 22-28).

H.2 Qualitative Token Influence Analysis

To provide a more intuitive understanding of con-
textual interference, we further visualize token in-
fluence maps following DAAM (Tang et al., 2023).
For each target noun token within R;, we isolate
its attention weights from A® and aggregate them
across diffusion timesteps and layers, producing
maps that highlight the pixel-level regions most
strongly influenced by each token. As shown in
Figure 5, even when the logical flow within R; cor-
rectly deduces that “cream” should be excluded,
the image still contains cream. Moreover, the token
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“cream” is primarily associated with the cream re-
gion in the generated image through cross-attention.
To further corroborate this, we manually select a
local region in the generated image where cream
appears, and compute the attention scores from the
corresponding visual generation tokens to all tex-
tual tokens. As shown in Figure 8, “cream” ranks
among the top-10 most attended textual tokens for
that region, excluding special tokens (e.g., start/end
of sentence token). Together, these findings suggest
that visual synthesis can be influenced by the mere
presence of a token in the conditioning context.
More broadly, these findings suggest that seman-
tic contextual interference may be one factor asso-
ciated with the observed reasoning-to-generation
alignment gap.

Additional qualitative cases are provided in Fig-
ures 6 and 7, with their corresponding attention
score analyses detailed in Figures 9 and 10.

H.3 Attention Analysis on ThinkMorph and
T21-R1

To further validate our findings beyond a single
model, we additionally conduct the same attention
analysis on ThinkMorph (Gu et al., 2026) and T2I-
R1 (Jiang et al., 2025), which generates images in
an autoregressive manner. Specifically, we extract
the average attention weights assigned to the three
token groups P, R;, and R, following the same pro-
cedure described above. The results are consistent
with our observations on Bagel: for UMMs, visual
generation remains highly sensitive to surrounding
context, which may compete with the final visual
specification for attention and weaken the transfer
from intended visual semantics to pixels. We use
the term contextual interference to distinguish this
phenomenon from general prompt sensitivity and
compression: here, the issue stems from interfer-
ing information within the conditioning context,
rather than ordinary variations in prompt wording
or formatting. Related work similarly finds that
textual distinctions can weaken during image gen-
eration (Tao et al., 2026).

H.4 Potential Mitigation Directions

Training-free suppression methods developed for
safe image generation, such as SAFREE (Yoon
et al., 2025) and PurifyGen (Cao et al., 2025),
suggest possible mechanisms for selectively sup-
pressing interfering content while reinforcing the
final visual specification. Adapting these methods
to reasoning-guided UMM is non-trivial because

the concepts to suppress are instance-specific and
must be inferred from the model’s own reasoning,
rather than selected from a predefined concept set.
Such methods would also need to operate within a
unified transformer context rather than a separate
text-encoder conditioning pathway. We leave this
adaptation as a direction for future work.

I Discussion on Evaluation Metrics

I.1 Details on MLLM-as-a-Judge

Unlike evaluations that test open-ended and sub-
jective alignment, UReason evaluates strictly veri-
fiable ground-truth criteria, including exact object
counts and specific text strings. By relying on these
deterministic criteria, we frame the evaluation as a
binary Visual Question Answering (VQA) problem
(i.e., Yes/No judgment) rather than an open-ended
assessment of overall image quality. Following
prior analyses of LLM decoding sensitivity (Shi
et al., 2024), we set the temperature to 0.1 for all
automated MLLM/LLM evaluators. This formula-
tion substantially reduces subjectivity and evalua-
tor dependence, following a methodology widely
adopted when evaluating images against determin-
istic targets (Zhao et al., 2025; Niu et al., 2025b;
Chen et al., 2025a; Wu et al., 2025b).

1.2 Details on Human Evaluation

To validate the automated metrics described in
Sec. 3.2, we conduct human evaluation on Uni-
CoT, Bagel, and T2I-R1. UniCoT is evaluated over
all 500 testmini instances, and we extend the same
evaluation protocol to Bagel and T2I-R1. For each
evaluated instance, annotators assess images from
all three diagnostic settings and the reasoning trace
from Setting 2.

Evaluators. Our evaluation panel consists of
three graduate students, all holding Master’s de-
grees in Computer Science with research experi-
ence in computer vision or natural language pro-
cessing.

Annotation Task and Interface. A screenshot
of the annotation interface is provided in Figure 11.
Each generated image and reasoning trace is paired
with its corresponding ground-truth criterion C,
which specifies a concrete and verifiable target out-
come. The annotation task is framed as an objective
binary judgment problem: given a generated im-
age or reasoning trace alongside the criterion, the
evaluator judges whether it satisfies C, selecting
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A street vendor is assembling a beef taco. The shell is filled with seasoned ground beef and shredded lettuce. The vendor was
about to dollop sour cream on top, but the customer shouted 'No dairy!', so the spoon was pulled back. Visualize the taco strictly
according to the final decision.

N
Response

<think>

Okay, let's tackle this. The task is to describe and format a taco assembly modification based on
the scenario provided. The vendor was about to add sour cream but the customer said no dairy, so
the spoon was pulled back. The final taco should not have sour cream on top.

</think>

A close-up of a beef taco with a slightly crispy corn shell, filled with seasoned ground beef and shredded green
lettuce. The taco is presented on a clean surface. The lighting highlights the textures of the meat and lettuce.

A2 Refined Prompt

(N

Figure 5: Qualitative token influence maps following DAAM (Tang et al., 2023). Although R; correctly deduces
that sour cream should be excluded, the token “cream” (highlighted in red) still induces strong localized attention in
the attention layers, correlating with the region where sour cream is generated. This suggests that token presence
can influence visual synthesis independently of the surrounding logical context, bypassing the constraints of the

refined prompt R,

either Yes or No. This binary formulation min-
imizes subjectivity and aligns directly with our
automated metric. Each evaluator annotated all
image—criterion and reasoning-trace—criterion pairs
without access to the judgments of others.

Disagreement Resolution. In cases where all
three evaluators agree, the consensus label is di-
rectly adopted as the ground-truth annotation. In
cases of disagreement, the three evaluators convene
in a discussion session to jointly review the image
or reasoning trace alongside the criterion and reach
a final unanimous decision. The resolved label
is recorded only after full consensus is achieved,
ensuring that every ground-truth annotation is un-
ambiguous.

Agreement Computation. We treat the final
human-annotated labels after disagreement reso-
lution as ground-truth binary scores and compare
them against the binary scores produced by our
automated evaluators, Qwen3-VL-235B-A22B and
Qwen3-235B-A22B. Agreement is measured as
the proportion of instances on which the automated
evaluator and the human panel reach the same bi-
nary label. As reported in Table 15, image agree-
ment ranges from 0.924 to 0.931 across the three
evaluated models, while reasoning-chain agree-
ment ranges from 0.962 to 0.972. For UniCoT,
agreement also remains high across all five task
categories. These results support the automated

pipeline as a scalable proxy for human judgment
on UReason’s criterion-grounded binary tasks.

J Discussion on Closed-Source Systems

We acknowledge the emergence of proprietary
reasoning-supported image generation systems,
such as Nano Banana. As a large closed-box sys-
tem, Nano Banana does not disclose whether its
image generation pipeline is implemented as an
end-to-end UMM or as a system composed of
multiple specialized modules. It also does not
provide sufficient implementation details to deter-
mine whether additional hidden reasoning mod-
ules, prompt-refinement modules, or internal strate-
gies analogous to our de-contextualized genera-
tion setting are involved. In addition, according to
its technical documentation 2, Nano Banana em-
ploys a mandatory reasoning-based iterative infer-
ence paradigm: it first performs a reasoning phase,
synthesizes a preliminary visual draft, refines it
through further reasoning, and then produces the
final output. However, the current API encapsu-
lates these intermediate reasoning phases 3, pre-
venting access to the explicit reasoning chain. Con-
sequently, we are unable to apply our diagnostic
protocol to Nano Banana or isolate the effect of
2https://ai.google.dev/gemini-api/docs/
image-generation

3https://ai.google.dev/gemini—api/docs/
thinking
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A farmer plants a 2x2 grid of crops. Top-Left: "Orange Carrot". Top-Right: "Brown Potato". Bottom-Left: "Red Tomato".
Bottom-Right: "White Onion". Pest Attack: A rabbit comes and eats the "Orange Carrot" (Top-Left), leaving a hole. The farmer
plants a "White Radish" there to replace it. Pest Attack 2: A mole digs up the "White Onion" (Bottom-Right). The farmer is
frustrated and just puts a heavy "Grey Rock" in the Bottom-Right spot to stop the mole. Visualize the garden patch.

~
Response

<think>

The task is to create a visual description of a 2x2 grid garden patch after the specified
changes. The first pest attack replaces the "Orange Carrot" with a "White Radish," and the
second pest attack replaces the "White Onion" with a "Grey Rock." The description should
reflect these changes while maintaining the grid structure and the remaining crops.
</think>

A 2x2 grid garden patch with a white radish in the top-left spot, a brown potato in the top-right, a red
tomato in the bottom-left, and a grey rock in the bottom-right. The grid is neatly organized, with each crop
clearly visible and distinct, set against a simple, natural background. The white radish has a smooth, round
shape with a slightly tapered end, the brown potato is irregular and earthy-toned, the red tomato is glossy
and vibrant, and the grey rock is angular and heavy-looking. The overall scene is clean and well-lit,
emphasizing the contrast between the replaced crops and the remaining ones.
A2 Refined Prompt

. J

Figure 6: Qualitative token influence maps following DAAM (Tang et al., 2023). Although R; correctly deduces that
the “Orange Carrot” in the top-left should be replaced by a radish, the mere presence of the “Orange” (highlighted
in red) token still induces strong localized attention in the attention layers. This correlates directly with the top-left
quadrant where an orange carrot is erroneously generated, suggesting that token presence can influence visual
synthesis independently of the surrounding logical context, bypassing the constraints of the refined prompt Iz,,.

reasoning traces in its generation process.
However, the open-source models we evalu-
ate represent the mainstream models adopting the
reasoning-guided image generation paradigm. Our
experimental conclusions reveal consistent bot-
tlenecks in how these UMMSs handle alignment
between textual reasoning and visual generation.
Therefore, we believe our benchmark and findings
provide a contribution to the open-source commu-
nity, offering guidance for future improvements.

K Model Repositories

Tab. 16 summarizes the models we use and their
Hugging Face repositories. For all evaluated mod-
els, we use the same generation hyperparameters
across the three settings, such as decoding tem-
perature, sampling strategy, scheduler steps, and
guidance scale when applicable.

L Reproducibility

We release all 2,000 UReason instances, their eval-
uation criteria, the judge prompts, and the com-
plete evaluation code. For reproducibility, Tab. 16
reports the exact model identifiers used in our ex-
periments.

M Prompts

We present the evaluation prompts used in our au-
tomated evaluation. Fig. 12 shows the visual ver-
ification accuracy prompt, and Fig. 13 shows the
reasoning chain evaluation prompt.

N Case Study
N.1 Error Cases

In this section, we provide a detailed qualitative
analysis of the four failure modes identified in
Sec. 5 for Bagel.

Reasoning Errors. This category involves fail-
ures where the model’s intermediate reasoning pro-
cess is incorrect. As illustrated in Fig. 14, the
model is tasked with tracking the location and num-
ber of oranges. The target picture requires exactly
“2 oranges on the wooden lid and 2 oranges on the
grass.” However, the model’s thought process erro-
neously concludes that the final count is 4 oranges
on the lid.

Instruction Misinterpretation. These errors oc-
cur when the model fails to grasp the fundamental
modality or semantic intent of the prompt. A rep-
resentative example is illustrated in Fig. 15: when
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*“*csharp
using System;

public class DrivingCheck {
public static void Main() {
bool hasSunglasses = true;
string environment = "Dark Tunnel";

if (environment == "Dark Tunnel") {
hasSunglasses = false;
}
}
5,

.

Generate an image of a driver's face inside a car, strictly following the final boolean value of ‘hasSunglasses’.

Response

<think>

sunglasses should be removed.
</think>

Based on the provided C# code, the environment is set to "Dark Tunnel", which triggers the if
condition and changes the boolean variable from true to false. Therefore, in the final image, the

tunnel. The driver has clear, visible eyes.
A2 Refined Prompt

A cinematic, high-quality close-up image of a driver's face inside a car. The car is driving through a dark, dimly
lit tunnel. The driver's face is illuminated by the soft glow of the dashboard and the passing amber lights of the

-

Figure 7: Qualitative token influence maps following DAAM (Tang et al., 2023). Although R; correctly deduces
from the C# code that sunglasses should be removed, the token “sunglasses”(highlighted in red) still induces strong
localized attention in the attention layers, correlating with the region where sunglasses are erroneously generated.
This suggests that token presence can influence visual synthesis independently of the surrounding logical context,

bypassing the constraints of the refined prompt R,,.

asked to “visualize a jewelry item based on the
code”, the model occasionally renders the code
text itself as an image rather than compiling the
code into a visual object.

Concept Hallucination. This error type refers
to the generation of objects that appear nowhere
in the input prompt. For instance, as illustrated in
Fig. 16 in a scene describing a simple garden, the
model might spontaneously generate “yellow roses”
despite them never being mentioned. This suggests
an over-reliance on training priors rather than strict
adherence to the prompt constraints.

Task-Specific Errors. This category accounts
for the majority of failures. In these instances,
the model successfully avoids the pitfalls of incor-
rect reasoning, instruction misinterpretation, and
concept hallucination, yet still fails to produce a
correct output. Crucially, these execution failures
occur precisely in the dimensions UReason is de-

signed to diagnose. Our fine-grained task design
enables analysis of how reasoning affects arith-
metic counts, spatial layouts, attribute consistency,
and text rendering. This allows researchers to
identify specific failure modes in the reasoning-
to-generation pipeline. We analyze representative
examples across the five tasks below:

* CODE: In Fig. 17, the prompt defines a spe-
cific HTML table layout for four fashion items.
While the model correctly infers the 2x2 grid
structure, it fails to map the specific items
(Dress, Jeans, Jacket, Sneakers) to their desig-
nated table cells, resulting in misalignment de-
spite the structural information being present
in the refined prompt. This demonstrates a
failure in binding semantic content to struc-
tural positions.

* ARITHMETIC: As shown in Fig. 18, the re-
fined prompt clearly specifies the final state:
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' taco'
' lighting'
>\n'

' cream’'
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Top-10 Attended Text Tokens
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Figure 8: Top-10 attended textual tokens for the cream region in the generated image, measured by aggregating
attention scores from the corresponding visual generation tokens to all textual tokens. The token “cream” appears
three times in the full context: once in P, once in R; (highlighted in red in Figure 5), and once in R,,. We compute
the attention scores for the highlighted occurrence in R;, which ranks among the top-10 most attended textual
tokens for the cream region, excluding special tokens. The other two occurrences of “cream” in PP and Iz, rank 16

and 48, respectively.

“two green apples placed on it and a white
bowl containing one green apple.” The reason-
ing trace is concise and correct. Nevertheless,
the generated image displays three apples on
the table and one in the bowl, violating the
count constraint. This highlights that even
with a correct execution plan, current UMMSs
struggle to translate precise quantitative speci-
fications into exact object counts, particularly
when conditioned on verbose reasoning con-
text.

SPATIAL: In Fig. 19, the prompt specifies four
quadrants with distinct toppings. While the
model generates a pizza, it fails to maintain
strict boundary separation and correct topping
distribution for each quadrant, instead blend-
ing the instructions into a generic pizza image.
Examination of the reasoning trace reveals
lengthy intermediate steps with detailed visual
descriptions. This excessive context likely
acts as noise, causing long-context interfer-
ence that distracts the model from adhering to
strict spatial layout constraints.

* ATTRIBUTE: As shown in Fig. 20, the refined
prompt explicitly describes the cup as “empty
except for the ice.” However, the generated
image contains a brown, coffee-like liquid.
This error could stem from contextual interfer-
ence: the reasoning trace explicitly mentions

“brown iced coffee” to describe the initial state,
and this description likely acted as noise, caus-
ing the model to erroneously render the initial
configuration instead of the final empty state
specified in the refined prompt.

* TEXT: As seen in Fig. 21, the prompt re-
quests the text “FIRE,” but the model gener-
ates “EIME”. Despite the refined prompt con-
taining the correct string, the visual generator
fails to render the characters accurately. This
likely reflects the difficulty of precisely con-
trolling character-level generation when con-
ditioned on verbose reasoning traces, where ir-
relevant token associations may interfere with
accurate text rendering.

N.2 More Qualitative Results

In addition to the failure modes analyzed above,
we provide comprehensive qualitative comparisons
across the five tasks defined in UReason: CODE,
ARITHMETIC, SPATIAL, ATTRIBUTE, and TEXT
reasoning. Fig. 22 to 26 showcase generated sam-
ples from representative UMMSs across the three
evaluation settings.

O Ethical Statement

This work introduces UReason, a benchmark for
evaluating image generation. Our dataset is human-
curated and human-verified, with LLM-assisted
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Top-10 Attended Text Tokens

0.00158

- ' background' 0.00126

! prompt' 0.00106
N 0.00098
>\n' 0.00093
'Orange’ 0.00092
0.00091

0.00083

0.00082

0.0008 0.0009 0.0010 0.0011 0.0012 0.0013 0.0014 0.0015
Attention Score

Figure 9: Top-10 attended textual tokens for the erroneously generated carrot region in the top-left quadrant of the
image, measured by aggregating attention scores from the corresponding visual generation tokens to all textual
tokens. We compute the attention scores for the occurrence of the token “Orange” (from “Orange Carrot”) within
R, (highlighted in red in Figure 6). This specific instance ranks as the highest attended object-specific token for the
region. The notably high attention score suggests that the mere presence of the “Orange” token within the reasoning
trace contributes strongly to the erroneous visual manifestation of the carrot in the generated image, overriding the
intended spatial execution logic.

candidate generation, and contains only synthetic
text prompts and program or code snippets; it does
not include personal data, private information, or
images of real individuals. The benchmark is de-
signed for capability evaluation rather than deploy-
ment. The primary systems evaluated as generation
models are publicly available open-source models;
closed-source models are used only for data aug-
mentation and evaluation robustness analyses. Its
positive impact is to make reasoning-to-generation
failures measurable and thereby support the de-
velopment of more reliable multimodal systems.
Potential negative impacts include benchmark gam-
ing, overinterpreting benchmark scores as evidence
of general generation safety or capability, and using
improved generation fidelity for harmful content
creation. Automated evaluators may also inherit
model biases despite their high agreement with hu-
man judgments. Finally, because the benchmark
currently uses English prompts and synthetic sce-
narios, its concepts may reflect culturally narrow
assumptions and should not be treated as globally
representative. We will release the data for research
use with documentation of its intended diagnostic
scope.
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Top-10 Attended Text Tokens

/' ' sunglasses' 0.00345
! driver'
' face'

o'

' face'

' dark’ 0.00122

0.0010 00015 0.0020 0.0025 0.0030
Attention Score

Figure 10: Top-10 attended textual tokens for the sunglasses region in the generated image, measured by aggregating
attention scores from the corresponding visual generation tokens to all textual tokens. We compute the attention
scores for the occurrence of the token “sunglasses” within R; (highlighted in red in Figure 7). This specific instance
ranks as the highest attended textual token for the sunglasses region, excluding special tokens. The disproportionately
high attention score suggests that the mere presence of the “sunglasses” token within the reasoning trace contributes
most strongly to the erroneous visual manifestation of sunglasses in the generated image, overriding the intended
execution logic.

2 UReason | Human Evaluation

Tasks #301  SPATIAL °m Drop

Attribute 100%
DIRECT THINKING REASONING-GUIDED DE-CONTEXTUALIZED
S <think>
The model should generate an image of a gallery wall
with the following arrangement: top-left is an oil
Code 100% painting of a stormy sea, top-right is a black and

white photo of a lion, bottom-left is an abstract
red and blue canvas, and bottom-right is a sketch of
a ballerina.

Here’s the finished detailed prompt: A well-lit art
gallery featuring a carefully arranged wall with
four distinct pieces of art. In the top-left corner,
an oil painting of a stormy sea dominates the space,
its dark, turbulent waters evoking a dramatic
atmosphere. Adjacent to it on the top-right, a high-
contrast black and white photo of a Llion stands out,
its powerful presence emphasized by the stark
Arithmetic 100% monochromatic tones. Below the sea painting, an
abstract red and blue canvas adds a vibrant splash
of color, its bold brushstrokes creating a dynamic
contrast to the classical elements above. In the
final spot at the bottom-right, a delicate sketch of
a ballerina is displayed, her graceful pose and fine
Text 100% Lines providing a soft, elegant counterpoint to the
other works. The gallery walls are neutral and
minimalist, allowing the art pieces to take center
stage. The Lighting is soft and even, highlighting
the textures and details of each artwork without
harsh shadows. The overall mood is sophisticated and
balanced, with a harmonious blend of classical and
modern styles.

Spatial 100%

</thinks
. @ : ‘ .

PROMPT CRITERIA

You are curating a gallery wall. Iitially, you considered placing a "Modern Neon Sign” in the top- Top-left s a sea painting, top-right is a lion photo, bottom-left is an abstract canvas, bottom-right

left, but you decided against it to keep a classical feel. Instead, place an “Oil painting of a stormy is a ballerina sketch.

sea” in that top-left spot. For the spot next to it (top-right), replace the "Color landscape" that
was there previously with a high-contrast "Black and white photo of a lion*, Below the sea painting
(bottom-left), hang an "Abstract red and blue canvas", which contrasts with the "Sketch of a
ballerina” that you should hang in the final remaining spot at the bottom-right.

Visualize the final gallery layout.

Figure 11: Screenshot of the interface used for human evaluation.
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Model \ Test Set \ Setting |  Code Arithmetic  Spatial Attribute Text | Overall

‘ ‘ | Acc A Acc A Acc A Acc A Acc A ‘ Acc A

1 10.0 - 50 - 30 - 60 - 9.0 -| 66 -

testmini 2 1300 +20.0 140 +9.0 150 +12.0 19.0 +13.0 11.0 +2.0|17.8 +11.2

Bagel 3 580 +28.0 51.0 +37.0 58.0 +43.0 60.0 +41.0 86.0 +75.0 | 62.6 +44.8
1 12.0 - 80 - 60 - 50 - 100 - 82 -

test 2 330 +21.0 180 +10.0 160 +10.0 21.0 +16.0 13.0 +3.0]202 +12.0

3 1600 +27.0 540 +36.0 59.0 +43.0 63.0 +42.0 87.0 +74.0 | 64.6 +44.4

1 12.0 - 30 - 60 - 120 - 80 | 82 -

testmini 2 330 +21.0 180 +150 260 +20.0 21.0 +9.0 120 +4.0(22.0 +I3.8

UniCoT 3 [57.0 +24.0 420 +24.0 50.0 +24.0 42.0 +21.0 52.0 +40.0 | 48.6 +26.6
1 13.0 - 50 - 90 - 130 - 9.0 -] 98 -

test 2 370 +24.0 18.0 +13.0 31.0 +22.0 240 +11.0 150 +6.0|250 +15.2

3 [57.0 +20.0 460 +28.0 54.0 +23.0 42.0 +18.0 57.0 +42.0 | 51.2 +26.2

1 11.0 - 40 - 30 - 6.0 - 170 -] 62 -

testmini 2 250 +140 80 +4.0 200 +17.0 240 +18.0 6.0 -1.0|16.6 +10.4

SRUM 3 [67.0 +42.0 50.0 +42.0 50.0 +30.0 50.0 +26.0 82.0 +76.0 | 59.8 +43.2
1 10.0 - 50 - 60 - 100 - 9.0 -] 80 -

test 2 270 +17.0 100 +50 23.0 +17.0 28.0 +I8.0 100 +1.0]19.6 +11.6

3 169.0 +42.0 49.0 +39.0 53.0 +30.0 55.0 +27.0 85.0 +75.0 | 62.2 +42.6

1 9.0 - 10 - 40 - 30 - 100 | 54 -

testmini 2 190 +10.0 120 +11.0 150 +11.0 260 +23.0 50 -50]|154 +10.0
ThinkMorph 3 [49.0 +30.0 37.0 +25.0 45.0 +30.0 55.0 +29.0 71.0 +66.0 | 514 +36.0
1 12.0 - 30 - 50 - 50 - 130 -1 76 -

test 2 1230 +11.0 160 +13.0 18.0 +I3.0 27.0 +22.0 9.0 -40|186 +11.0

3 480 +250 350 +19.0 46.0 +28.0 53.0 +26.0 68.0 +59.0 |50.0 +31.4

1 9.0 - 20 - 20 - 50 - 30 ) -

testmini 2 270 +18.0 19.0 +17.0 29.0 +27.0 21.0 +16.0 21.0 +I8.0|234 +19.2

UniCoT-v2 3 650 +38.0 450 +26.0 460 +17.0 67.0 +46.0 87.0 +66.0 | 62.0 +38.6
1 10.0 - 40 - 30 - 60 - 40 - 54 -

test 2 1290 +19.0 200 +16.0 31.0 +28.0 23.0 +17.0 24.0 +20.0|254 +20.0

3 650 +36.0 48.0 +28.0 41.0 +10.0 68.0 +450 84.0 +60.0 | 61.2 +35.8

1 7.0 - 70 - 20 - 100 - 5.0 -] 62 -

testmini 2 140 +7.0 100 +3.0 150 +13.0 23.0 +13.0 100 +50]|144 +82

Bagel-Zebra 3 500 +36.0 43.0 +33.0 33.0 +18.0 48.0 +25.0 85.0 +75.0|51.8 +37.4
-CoT 1 8.0 - 80 - 30 - 110 - 60 172 -
test 2 160 +8.0 11.0 +3.0 170 +140 260 +150 13.0 +7.0|16.6 +9.4

3 520 +36.0 450 +34.0 350 +18.0 50.0 +24.0 86.0 +73.0|53.6 +37.0

1 3.0 - 60 - 40 - 90 - 20 | 48 -

testmini 2 60 +30 40 20 20 20 11.0 +20 3.0 +1.0| 52 +04

LRI 30200 +14.0 150 +11.0 12.0 +10.0 27.0 +16.0 47.0 +44.0 | 24.2 +19.0
1 4.0 - 60 - 50 - 100 - 30 -1 56 -

test 2 70 +30 7.0 +10 3.0 20 13.0 +30 50 +20| 7.0 +14

3 (220 +150 160 +9.0 14.0 +11.0 29.0 +16.0 49.0 +44.0 | 26.0 +19.0

1 5.0 - 40 - 20 - 100 - 40 - 5.0 -

testmini 2 100 +50 30 -1.0 30 +1.0 120 +20 60 +20| 68 +138

UniMoE2 3 170 +7.0 13.0 +10.0 8.0 +5.0 21.0 +9.0 13.0 +7.0|144 +7.6
1 6.0 - 50 - 30 - 110 - 5.0 -] 6.0 -

test 2 110 +50 30 20 40 +1.0 13.0 +20 7.0 +20]| 7.6 +1.6

3 19.0 +8.0 14.0 +11.0 10.0 +6.0 23.0 +10.0 15.0 +8.0 162 +8.6

Table 11: Performance comparison on the full test set and its testmini subset for all eight models. Acc and A
denote visual verification accuracy (%) and performance gain over the previous setting, respectively. 1, 2, and
3 represent Direct Generation, Reasoning-Guided Generation, and De-contextualized Generation, respectively.
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Model Training Length (# tokens) UReason Eval Length (# tokens)

ThinkMorph 490.8 (276.7) 316.3 (154.8)
Bagel-Zebra-CoT 476.4 (474.4) 256.7 (123.4)

Table 12: Token length comparison between model training data and UReason evaluation contexts. Mean (Std.)

reported. Prompt lengths are measured using the Qwen3-8B tokenizer.

Layers P R, R,

Layers P Ry R,
=7 245 457 693 1-10 257 356 401
814 171 332 533

1120 117 219 273
1521 012 021 043 0 Tos s an
228 008 012 034 - : : :

1-30  1.61 253 3.65

1-28 1.09 2.06 3.26

Table 13: Average attention weights across layers for
ThinkMorph during image generation, scaled by 10~%.

Table 14: Average attention weights across layers for
T2I-R1 during image generation, scaled by 10~%.

Task (UniCoT) Image Reasoning
Model Image Reasoning Code 0913 0.950
UniCoT  0.924 0.962 Arithmetic 0.920 0.960
Bagel 0.929 0.968 Spatial 0.937 0.940
T2I-R1 0.931 0.972 Attribute 0.940 0.970

Text 0.910 0.990

Table 15: Agreement rates between automated evaluators and human judgments, reported across models (left) and

across task categories for UniCoT (right).

Evaluation Prompt for Visual Verification Accuracy

You are an objective image evaluator. Your goal is to verify if the image content matches the provided text description.

Target Description: "{description}"

Please think step by step:
1. Analyze the image content carefully.
2. Compare the visual elements with the "Target Description”.
3. Determine if the image strictly meets the requirements.
Finally, output your judgment in the following format:

If it matches, output <answer>Yes</answer>.
If it does not match, output <answer>No</answer>.

Figure 12: Evaluation prompt for visual verification accuracy.
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Evaluation Prompt for the Quality of Reasoning Chain

You are an objective reading comprehension evaluator.

I will provide you with a "User Prompt", a model’s "Thought Process" (which includes its intermediate thoughts and
final refined prompt) and "Target Criteria".

Your task is to judge whether the final state or conclusion described in the model’s thought process contains and satisfies
a specific "Target Criteria".

=== User Prompt ===
{user_prompt}

=== Model Thought Process ===
{model_thought}

=== Target Criteria ===
{criteria}

=== Instruction ===

Please think step by step:

1. Analyze the "Target Criteria" to understand the specific visual or logical constraints required.
2. Read the entire "Thought Process" carefully.

3. Determine whether the "Target Criteria" is successfully met or clearly present in the outcome of the thought process.

* Note: The text does not need to match the criteria word-for-word, but the specific semantic meaning and target
state must be unambiguously present. Do not guess or assume unstated information.

Finally, output your judgment in the following format:
If the target criteria is clearly met or present in the text, output <answer>Yes</answer>.
If the criteria is missed or contradicted, output <answer>No</answer>.

Figure 13: Evaluation prompt for assessing the reasoning chain against target criteria.
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A wooden crate lid (flat surface) held 4 oranges. The farmer moved 3 oranges onto the grass next to the lid. Then, he picked up 1
orange from the grass and put it back on the lid. Visualize the wooden lid and the grass.

)
g?gg UMMs
Vv
J
\

<think>Reasoning: The wooden crate lid initially holds 4 oranges. The farmer moves 3
oranges to the grass, leaving 1 orange on the 1lid. Then, he picks up the orange from the
grass and puts it back on the lid. Therefore, the final count is 4 oranges on the lid.</
think>

A wooden crate lid with 4 oranges resting on it, placed on a flat surface.
A2 Refined Prompt
.

1. Analyze the "Target Criteria":
The core requirement is that, in the final state, there should be 2 oranges on the wooden lid and 2 oranges on the grass. This is a
specific distribution of the oranges after all actions.

2. Read the "Thought Process" carefully:

- Initially, 4 oranges are on the lid.

- The farmer moves 3 oranges to the grass — lid: 1 orange, grass: 3 oranges.

- Then, he picks up 1 orange from the grass and puts it back on the lid — lid: 2 oranges, grass: 2 oranges.

However, the model's reasoning incorrectly states: "he picks up the orange from the grass" (singular, implying only one was on
the grass), and concludes that the final count is 4 oranges on the lid, which is factually wrong.

The model says: after moving 3 to the grass (leaving 1 on lid), he "picks up the orange from the grass" — this phrasing suggests
he picks up one orange from the grass (so grass now has 2, lid has 2), but then says he puts it back on the lid, which would make
lid: 2, grass: 2.

But then the model concludes: "final count is 4 oranges on the lid" — which contradicts the actions described.

So, the model's logic is inconsistent: the actions described would lead to 2 on lid and 2 on grass, but the conclusion says 4 on the
lid, which is only possible if all oranges were returned, which didn't happen.

3. Determine if the thought process covers the "Target Criteria":

The correct final state (2 on lid, 2 on grass) is not acknowledged in the reasoning. The model incorrectly concludes 4 on the lid,
which directly contradicts the target criteria. Even if the intermediate step might accidentally align, the final reasoning does not
reflect or support the target distribution.

Therefore, the thought process does not imply or cover the target criteria.

<answer>No</answer>
Q_ Evaluation )

Figure 14: An Illustrative Example of Reasoning Error. This case shows where the model’s intermediate
reasoning process is incorrect. The incorrect reasoning steps are highlighted in red.
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1

<div id="display_case">
<div id="t1">Gold Necklace</div>
<div id="tr">Silver Ring</div>
<div id="bl" onclick= "this. innerText='Pearl Bracelet'"> Diamond Earrings</div>
<div id="br">Ruby Brooch</div>

</div>

<script>
// Scenario: A customer buys the earrings, triggering a restock.
// The click event changes the text content of the element.
document.getElementById("bl").click();

</script>

Visualize a jewelry display box with four compartments (2x2).

\ J

)

O3
g?o;g UMMs
vV
J
)

<think>The task is to create a visual description of a jewelry display case with four
compartments arranged in a 2x2 grid. The compartments are as follows: the top-left is "Gold
Necklace," the top-right is "Silver Ring," the bottom-left is "Diamond Earrings" (which
changes to "Pearl Bracelet" after a click event), and the bottom-right is "Ruby Brooch."
The JavaScript code provided indicates that clicking on the bottom-left compartment
triggers a change in its content to "Pearl Bracelet." The visual description should reflect
this setup, showing the compartments in their initial state and then the updated state
after the click event. The image should be a simple, clean representation of the jewelry r

case, with each compartment clearly rendered.</think> il il

A 2x2 grid jewelry display case with four compartments. The top-left compartment is "Gold Necklace," mﬂm mm
the top-right is "Silver Ring," the bottom-left is "Pearl Bracelet," and the bottom-right is "Ruby Brooch."
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Figure 15: An Illustrative Example of Instruction Misinterpretation. This case demonstrates a failure to grasp
the semantic intent of the prompt. The model erroneously renders the code text itself rather than visualizing the
target object described by the code.
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A gardener is planning a square bed. He follows a rule: "Root vegetables go Top-Right, and Leafy greens go Bottom-Left."
Based on this, place "Rows of orange carrots" in the Top-Right and "Large green cabbages" in the Bottom-Left. The remaining
corners are for flowers: put "Blooming yellow sunflowers" in the Top-Left to catch the morning sun, and "Red tulip flowers" in
the last empty spot (Bottom-Right). Do not mix the vegetables with the flowers.

Visualize the garden bed from above.
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<think>Alright, let's tackle this gardening plan. The gardener has a square bed with
specific rules for where different plants go. First, I need to visualize the square and
divide it into four corners. The top-right corner should be for root vegetables, and the
bottom-left for leafy greens. Then the top-left corner is for sunflowers, and the bottom-
right for tulips.

Starting with the top-right corner: root vegetables like carrots. So I'll place rows of
orange carrots there. Next, the bottom-left corner needs leafy greens. Cabbages are a good
choice, so I'll put large green cabbages there. Then the top-left corner is for sunflowers.
They need to catch the morning sun, so that makes sense. Finally, the bottom-right corner
is for tulips. Red tulips will look nice there.</think>

A square garden bed divided into four equal sections. The top-right section contains rows of orange
carrots, the bottom-left section has large green cabbages, the top-left section is filled with blooming
yellow sunflowers, and the bottom-right section features red tulip flowers. Each plant type is distinctly
separated in its designated corner, adhering to the gardener's planting plan.
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Figure 16: An Illustrative Example of Concept Hallucination. This case illustrates the generation of unprompted
objects. The model spontaneously renders “yellow roses” despite them being absent from the input.
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<table border="1">
<tr>
<td>Dress</td>
<td>Jeans</td>
</tr>
<tr>
<td>Jacket</td>
<td>Sneakers</td>
</tr>

</table>

Visualize a fashion store window divided into four glass panes. Render the items defined inside the HTML "<td>" tags.
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<think>The task is to transform a simple HTML table into a visually engaging shop window
display. The table has two rows and two columns, so the window should be divided into four
glass panes. Each pane will showcase one item from the table. The items are "Dress,"
"Jeans," "Jacket," and "Sneakers." The description should detail the layout and
presentation of these items in the window, ensuring clarity and alignment with the given
HTML structure.</think>

A modern fashion store window divided into four glass panes, each showcasing one item from a simple
HTML table. The top left pane displays a stylish dress, the top right shows a pair of jeans, the bottom
left features a sleek jacket, and the bottom right presents a pair of sneakers. The items are arranged
neatly, with clean lines and a minimalist aesthetic, reflecting the structured layout of the HTML table.
The window is framed with a subtle metallic border, and the overall design is bright and inviting,
emphasizing the items' details and textures.

A* Refined Prompt

-

Figure 17: An Illustrative Example of Task-Specific Error (CODE). Although the model correctly identifies the
2x2 grid structure from the HTML prompt, it fails to map the specific items (Dress, Jeans, Jacket, Sneakers) to their
corresponding cells, resulting in generation errors.

A flat wooden table surface held 3 green apples. A person moved 2 apples into a white bowl sitting on the table. Then, they took
1 apple out of the bowl and placed it back on the table surface.
Visualize the table surface and the white bowl.

N
Response

<think>Initially, there are three green apples on the table. The person moves two apples
into the white bowl, leaving one apple on the table. Then, they take one apple from the
bowl and place it back on the table. This results in two apples on the table and one apple
in the bowl. The final count is two apples on the table and one apple in the bowl.</think>

apple.
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Figure 18: An Illustrative Example of Task-Specific Error (ARITHMETIC). The refined prompt specifies “two
apples on the table and one apple in the bowl”. Although the reasoning trace is correct, the generated image displays
three apples on the table, highlighting the challenge of translating precise quantitative tokens into exact object
counts.
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A chef is making a pizza divided into four quarters (2x2). The customer wants a specific layout. Top-Left: "Pepperoni". Top-
Right: "Mushrooms". Bottom-Left: The customer originally asked for "Pineapple", but changed their mind to "Olives" at the last
minute. Bottom-Right: "Green Peppers".

Visualize the pizza toppings.
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<think>Alright, let's tackle this pizza customization scenario. The chef has divided the
pizza into four equal quarters, arranged in a 2x2 grid. The customer initially requested
"Pineapple" for the bottom-left section but changed their mind to "Olives" at the last
minute. The other sections are set: top-left is "Pepperoni," top-right is "Mushrooms," and
bottom-right is "Green Peppers."

First, I need to visualize each quadrant clearly. The top-left quadrant should have
pepperoni slices, which are typically round and red, scattered across the area. The top-
right quadrant is for mushrooms, which would be depicted as small, brown, and irregularly
shaped pieces. The bottom-left quadrant, originally pineapple but now olives, should show
black olives, round and glossy, spread out. The bottom-right quadrant is green peppers,
which are green, sliced into small, triangular pieces.

Now, considering the pizza's overall appearance, it should have a golden-brown crust with a
slightly charred edge, indicating it's been baked. The cheese should be melted and slightly
browned in spots, with a smooth texture. The toppings should be evenly distributed but not
overcrowded, leaving some visible cheese in between. The colors of the toppings should
contrast well with the cheese and crust, making each section distinct.</think>

A freshly baked pizza divided into four equal 2x2 quadrants, each featuring distinct toppings. The top-
left quadrant is generously covered with round, red pepperoni slices, the top-right quadrant is dotted
with small, brown mushrooms, the bottom-left quadrant showcases black olives spread evenly, and the
bottom-right quadrant is filled with green, triangular pepper slices. The pizza has a golden-brown crust
with slightly charred edges, melted cheese with a smooth, slightly browned surface, and a subtle sheen.
The background is a neutral wooden table, and the lighting highlights the textures and colors of the
toppings, creating an appetizing and visually appealing image.

A2 Refined Prompt

Figure 19: An Illustrative Example of Task-Specific Error (SPATIAL). While the prompt specifies four quadrants
with distinct toppings, the model fails to maintain strict boundary separation. It blends the instructions into a generic

p

izza image rather than distributing the toppings correctly across the requested regions.
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A clear plastic cup was filled with brown iced coffee and ice cubes. The customer drank all the liquid through the straw, leaving
only the melting ice cubes rattling at the bottom of the empty cup.
Visualize the cup strictly based on the finished drink.
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<think>Alright, let's tackle this. The task is to visualize a clear plastic cup filled with
brown iced coffee and ice cubes, then describe and render the cup after the customer drank
all the liquid, leaving only the melting ice cubes at the bottom.

I need to focus on the cup itself. The ice cubes should be scattered at the bottom of the
cup, with some of them partially melted, creating a small pool of water. The melting
process should be subtle but noticeable, indicating that the ice has been there for a while
after the drink was finished. The cup should be upright, and the lighting should highlight
the transparency of the plastic and the wetness of the ice cubes.</think>

A clear plastic cup with a transparent, slightly glossy finish, standing upright. Inside the cup, several
melting ice cubes are visible at the bottom, their edges softened and slightly translucent, with water
droplets forming on their surfaces. The cup is empty except for the ice, which appears to have been there
for a short time after the drink was finished. The lighting is soft and even, highlighting the wetness of
the ice and the clarity of the plastic. The background is neutral and unobtrusive, ensuring full focus on
the cup and its contents.

A2 Refined Prompt
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Figure 20: An Illustrative Example of Task-Specific Error (ATTRIBUTE).Despite the prompt explicitly specifying
the cup as “empty except for the ice”, the model generates a brown liquid. This error likely stems from contextual
interference, where the model’s priors dilute the strict attribute constraint.

A technician is labeling a glass case for an emergency tool. The source code is 'FIREWALL', but the safety standard requires
only the first four letters to be printed on the glass.
Visualize a red emergency glass box.
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<think>Okay, let's tackle this task. The user wants me to generate an image of a glass case
with an emergency label that truncates the source code 'FIREWALL' to the first four
letters. The safety standard requires only the first four letters to be printed on the
glass.

First, I need to understand the requirements clearly. The source code is 'FIREWALL', and we
need to display the first four letters, which are 'FIRE'. The glass case should be red, as
that's a common color for emergency equipment. The label should be printed on the glass,
not on a separate sticker or label. The glass case itself might be a box or a cabinet, but
the exact shape isn't specified, so I can choose a simple rectangular box for clarity.</
think>

A red glass emergency box with a transparent front panel displaying the word "FIRE" in bold, uppercase
letters centered on the glass. The box has a simple rectangular design with a slightly reflective surface,
and the red color is vibrant and uniform. The label is printed directly on the glass, ensuring high
visibility and clarity. The overall scene is clean and professional, with no additional elements or
distractions.

A2 Refined Prompt
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Figure 21: An Illustrative Example of Task-Specific Error (TEXT). The prompt requests the text “FIRE”, but the
model generates “EIME”. Despite the correct string being present in the refined prompt, the UMM fails to render
the characters accurately.
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T java
int score = 3;
int apples = 0;
// Determine base
apple count
if (score > 5) {
apples = 4;
} else {
apples = 2;

// Ate one apple
apples -= 1;

Visualize a wooden table
with exactly “apples’ Red
Apple(s) on it.

A wooden table with
exactly 1 red apple.

porot S

" “python

# Start with 1 chair

chairs = 1

# Loop 2 times

for i in range(2):
chairs += 1

# Remove 1 chair

chairs -= 1

Visualize a room with
exactly ‘chairs’ empty
chairs.

Exactly 2 empty chairs in the
room.

<table border="1">
<tr>
<td>Dress</td>
<td>Jeans</td>
</tr>
<tr>
<td>Jacket</td>
<td>Sneakers</td>
</tr>
</table>
Visualize a fashion store
window divided into four
glass panes. Render the
items defined inside the
HTML "<td>" tags.

A shop window with four
panes: Top-left is a Dress,
Top-right is Jeans, Bottom-
left is a Jacket, and Bottom-
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Figure 22: Qualitative examples for CODE.
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A serving tray held 4
croissants and 3 boiled
eggs. The person ate 2
croissants. Then, they ate
all 3 boiled eggs.
Visualize the serving tray.

Exactly 2 croissants
remaining on the tray (and
0 eggs).

oot S

A flat wooden table
surface held 3 green
apples. A person moved 2
apples into a white bowl
sitting on the table. Then,
they took 1 apple out of
the bowl and placed it
back on the table surface.
Visualize the table surface
and the white bowl.

2 green apples on the
wooden table, and 1 green
apple in the white bowl.

ot S

A flat bathroom shelf had
10 folded white towels
stacked on it. Guests used
5 towels for showers and
put them in the hamper.
Then, the cleaner took 3
towels to the laundry
room. Finally, a guest
took 2 towels to the pool.
Visualize the shelf now.

An empty shelf with 0
towels.
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Figure 23: Qualitative examples for ARITHMETIC
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A chef is making a pizza
divided into four quarters
(2x2). The customer wants a
specific layout. Top-Left:
"Pepperoni". Top-Right:
"Mushrooms". Bottom-Left:
The customer originally
asked for "Pineapple", but
changed their mind to
"Olives" at the last minute.
Bottom-Right: "Green
Peppers".

Instructions:

Visualize the pizza toppings.

Top-left is Pepperoni, Top-
right is Mushrooms, Bottom-
left is Olives, Bottom-right is
Green Peppers.

An accountant arranges
items in a straight horizontal
line (1x4 Layout) on the
desk.

Ttem 1 (Left): "Black Pen".
Ttem 2: "White Eraser".

Ttem 3: He tries to place a
"Red Stapler”, but it's
jammed and useless. He
throws it in the trash bin. He
replaces it with a "Roll of
Tape".

Ttem 4 (Right): "Stack of
Paper".

Double Check: He ensures
the order is Pen, Eraser,
Tape, Paper.

Visualize the desk line-up.

Left to Right: Black Pen,
‘White Eraser, Roll of Tape,
Stack of Paper.

A librarian is organizing a
display shelf with a 2x2 grid
structure. She follows a strict
genre rule: "Fiction books go
on the Top row, and Non-
fiction materials go on the
Bottom row." Based on this
rule, place a "Blue
Storybook" in the Top-Left
and a "Red Novel" in the
Top-Right. For the bottom
row, she organizes by tools:
place a"World Globe" in the
Bottom-Left for geography
reference, and a "Magnifying
Glass" in the Bottom-Right
for research. Ensure the
reading materials are kept
separate from the study tools.
Visualize the library shelf.

Top-left is Blue Storybook,
Top-right is Red Novel,
Bottom-left is World Globe,
Bottom-right is Magnifying
Glass.
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Figure 24: Qualitative examples for SPATIAL
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A cafe is serving a mug of
hot cocoa. The standard
picture shows the drink
topped with Whipped Cream
and a Cinnamon Stick.
However, the customer
dislikes spice, so they asked
the barista to serve it
without the stick.

Visualize the drink strictly
based on the customer's
preference.

""""""""""

The hot cocoa is topped with
‘Whipped Cream only (no
Cinnamon Stick).

Bagel-Zebra-CoT Bagel i UniCoT-v2

[rrono: I i
A clear plastic cup was

filled with brown iced coffee 3

and ice cubes. The customer S

drank all the liquid through

the straw, leaving only the
melting ice cubes rattling at
the bottom of the empty cup.
Visualize the cup strictly
based on the finished drink.

Criteria

The plastic cup contains 1 K / 4 p

melting ice cubes only (no ; % {4 o

brown coffee liquid). 3 \ A

pono. [

Three identical plants were
bought a month ago and
placed on a windowsill. The Bagel-Zebra-CoT Bagel SRUM ThinkMorph Uni-MoE UniCoT-v2 UniCoT T2I-R1
owner forgot to water two of
them, causing them to die,
while the middle one was
cared for.

Current State:

- Pot 1 (Left): Withered
from green to Dead (Brown,
leafless).

- Pot 2 (Center): Grew well
and is Thriving (Lush green
leaves).

- Pot 3 (Right): Withered
from green to Dead (Brown,
leafless).

Visualize the plants strictly
based on their survival
outcome.

-------------------

Three potted plants on a
windowsill: the center plant
is lush and green, while the
left and right plants are
dead, brown, and withered.

Figure 25: Qualitative examples for ATTRIBUTE.
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A sccretary is organizing
files into three drawers
labeled by priority. The
top drawer is 'Urgent', the
second is 'Pending’, and
the third is 'Archive'. You
need to print a sticker
with the initial letter for
the first drawer
mentioned.

Visualize a metal file
cabinet drawer.

The letter 'U' appears in the
image. (case-insensitive)

oo I

A technician is labeling a
glass case for an
emergency tool. The
source code is
'FIREWALL', but the
safety standard requires
only the first four letters
to be printed on the glass.
Visualize a red emergency
glass box.

The word 'FIRE' appears
in the image, and the word
'FIREWALL' does not
appear.(case-insensitive)

oot S

A high-end jewelry store
does not list specific
prices to maintain
exclusivity. Instead, the
price tag simply displays
three dollar signs to
indicate it is very
expensive.

Visualize a paper price
tag.

The symbols '$$$' appear
in the image.
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Figure 26: Qualitative examples for TEXT.
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Model Name

Hugging Face Repository

Bagel
UniCoT
UniCoT-v2
SRUM

Bagel-Zebra-CoT

ThinkMorph

T2I-R1
UniMoE2

Qwen2.5-7B

Qwen3-8B
Qwen3-235B-A22B

Qwen3-VL-235B-A22B

https://huggingface.co/ByteDance-Seed/
BAGEL-7B-MoT

https://huggingface.co/Frozencr4nt/
UniCoT-7B-MoT

https://huggingface.co/Frozencr4nt/
UniCoT-7B-MoT-v@.2
https://huggingface.co/Wayne-King/SRUM_
BAGEL_7B_MoT

https://huggingface.co/
multimodal-reasoning-1lab/
Bagel-Zebra-CoT
https://huggingface.co/ThinkMorph/
ThinkMorph-7B
https://huggingface.co/CaraJ/T2I-R1
https://huggingface.co/HIT-TMG/
Uni-MoE-2.0-Image
https://huggingface.co/Qwen/Qwen2.
5-7B-Instruct
https://huggingface.co/Qwen/Qwen3-8B
https://huggingface.co/Qwen/
Qwen3-235B-A22B-Instruct-2507
https://huggingface.co/Qwen/
Qwen3-VL-235B-A22B-Instruct

Table 16: List of models and their Hugging Face reposi-

tories.
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https://huggingface.co/ByteDance-Seed/BAGEL-7B-MoT
https://huggingface.co/ByteDance-Seed/BAGEL-7B-MoT
https://huggingface.co/Fr0zencr4nE/UniCoT-7B-MoT
https://huggingface.co/Fr0zencr4nE/UniCoT-7B-MoT
https://huggingface.co/Fr0zencr4nE/UniCoT-7B-MoT-v0.2
https://huggingface.co/Fr0zencr4nE/UniCoT-7B-MoT-v0.2
https://huggingface.co/Wayne-King/SRUM_BAGEL_7B_MoT
https://huggingface.co/Wayne-King/SRUM_BAGEL_7B_MoT
https://huggingface.co/multimodal-reasoning-lab/Bagel-Zebra-CoT
https://huggingface.co/multimodal-reasoning-lab/Bagel-Zebra-CoT
https://huggingface.co/multimodal-reasoning-lab/Bagel-Zebra-CoT
https://huggingface.co/ThinkMorph/ThinkMorph-7B
https://huggingface.co/ThinkMorph/ThinkMorph-7B
https://huggingface.co/CaraJ/T2I-R1
https://huggingface.co/HIT-TMG/Uni-MoE-2.0-Image
https://huggingface.co/HIT-TMG/Uni-MoE-2.0-Image
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
https://huggingface.co/Qwen/Qwen3-8B
https://huggingface.co/Qwen/Qwen3-235B-A22B-Instruct-2507
https://huggingface.co/Qwen/Qwen3-235B-A22B-Instruct-2507
https://huggingface.co/Qwen/Qwen3-VL-235B-A22B-Instruct
https://huggingface.co/Qwen/Qwen3-VL-235B-A22B-Instruct

