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Abstract

Despite impressive progress in high-fidelity im-
age synthesis, generative models still struggle
with logic-intensive instruction following, ex-
posing a persistent reasoning—execution gap.
Meanwhile, closed-source systems (e.g., Nano
Banana) have demonstrated strong reasoning-
driven image generation, highlighting a sub-
stantial gap to current open-source models. We
argue that closing this gap requires not merely
better visual generators, but executable rea-
soning: decomposing high-level intents into
grounded, verifiable plans that directly steer
the generative process. To this end, we pro-
pose Unified Thinker, a task-agnostic reason-
ing architecture for general image generation,
designed as a unified planning core that can
plug into diverse generators and workflows.
Unified Thinker decouples a dedicated Thinker
from the image Generator, enabling modular
upgrades of reasoning without retraining the
entire generative model. We further introduce
a two-stage training paradigm: we first build
a structured planning interface for the Thinker,
then apply reinforcement learning to ground
its policy in pixel-level feedback, encouraging
plans that optimize visual correctness over tex-
tual plausibility. Extensive experiments on text-
to-image generation and image editing show
that Unified Thinker substantially improves im-
age reasoning and generation quality.

1 Introduction

The rapid evolution of diffusion-based foundation
models (Ho et al., 2020; Rombach et al., 2022;
Rafailov et al., 2023; Yang et al., 2025; Ye et al.,
2026) has driven an unprecedented leap in high-
fidelity image synthesis. Advanced proprietary
models such as GPT-4o0 (Hurst et al., 2024) and
Nano Banana (Comanici et al., 2025) have recently
demonstrated strong reasoning-driven image gener-
ation under complex instructions. In contrast, de-
spite steady progress in open-source systems (Esser
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Figure 1: Challenges in reasoning-aware image gener-
ation. Existing models, exemplified by Qwen-Image-
Edit, exhibit two failure modes: (1) inaccurate reasoning
(without Thinker), leading to logically incorrect edits;
and (2) imprecise rendering (with Thinker), where cor-
rect reasoning does not translate into faithful visual out-
puts. Our Unified Thinker aims to address both issues.

et al., 2024; Labs, 2024; Deng et al., 2025; Wu
et al., 2025a; Liao et al., 2025), current open-source
models still exhibit a clear gap in handling logic-
intensive or implicit directives (Niu et al., 2025;
Zhao et al., 2025; He et al., 2025; Liu et al., 2025b).

Current attempts to bridge this gap follow two
primary approaches. Built-in Reasoning internal-
izes reasoning into the generator via unified train-
ing that couples multimodal understanding with
generation (Deng et al., 2025; Xie et al., 2025;
Xiao et al., 2025). However, this tight entanglement
reduces modularity and may destabilize training,
often degrading the generator’s visual fidelity. In
contrast, External Planner-Driven methods use an
MLLM to plan for a mostly frozen generator (Wu
et al., 2025a; Lin et al., 2025; Li et al., 2025a; He
et al., 2025). While modular, they suffer from a
reasoning—execution mismatch: text-space plans
are not grounded in the generator’s capabilities, so
even correct plans can cause visual failures, and
iterative planning further increases compute.

We identify the key bottleneck as the absence of
a principled paradigm for reasoning in image gen-
eration. In this paper, we propose Unified Thinker,
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Figure 2: Visual demonstrations of Unified Thinker on unified image generative tasks, including image editing and

text-to-image generation, along with reasoning.

a universal reasoning core for general image gen-
eration, built around a think-then-execute architec-
ture that parametrically decouples the Thinker for
instruction understanding and planning from the
Generator for pixel synthesis. Here, the Generator
refers to the underlying image synthesis backbone
(e.g., a diffusion model) that takes conditioning
signals and produces the final image in pixel space.
The Thinker is implemented as a standalone, train-
able multimodal large language model (MLLM)
that transforms an instruction into a hierarchical,
generator-friendly plan consisting of an intent sum-
mary, explicit constraints, and ordered sub-goals,
which the Generator consumes as conditioning,
enabling strong task transferability across text-to-
image and editing and plug-and-play compatibility
with different generator backbones.

However, this decoupled design still faces ad-
ditional challenges: as shown in Fig. 1, without
proper alignment, a naive Thinker may produce
plausible reasoning that the Generator cannot exe-
cute. To bridge the reasoning-to-execution gap, we
introduce a dedicated data-to-training pipeline to
align planning with visual outcomes. We first con-
struct HieraReason-40K, a hierarchical reasoning
dataset synthesized with Gemini-3-Pro (Comanici

et al., 2025), which pairs complex instructions with
structured, executable plans to teach the Thinker
the desired planning format and basic logical de-
composition. We then adopt a two-stage training
strategy: we perform joint supervised fine-tuning
on HieraReason-40K to establish initial plan qual-
ity, followed by an end-to-end dual-phase reinforce-
ment learning procedure that places the Generator
in the loop and optimizes the Thinker using rewards
computed from the final image’s constraint satis-
faction. This directly grounds the Thinker’s policy
in pixel-level feedback, encouraging plans that are
not only semantically plausible but also executable
under the Generator’s capabilities.

We conduct extensive evaluations in four set-
tings: text-to-image reasoning, reasoning-based
image editing, general text-to-image generation,
and general image editing. Across all benchmarks,
Unified Thinker delivers substantial gains in gen-
erative reasoning, markedly improving instruction
following and constraint satisfaction. These im-
provements also hold across multiple generator
backbones, supporting our core claim that a decou-
pled Thinker learns reusable, executable reasoning
patterns that transfer across models and tasks.

Our main contributions are as follows:
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* We propose a decoupled reasoning-generation
framework Unified Thinker that utilizes a
unified module to handle general image gen-
eration tasks, significantly enhancing modular
adaptability and transferability.

* We introduce an end-to-end training pipeline
spanning from hierarchical reason data con-
struction to execution-led reinforcement learn-
ing, bridging the gap between abstract reason-
ing and pixel-level execution.

* Through comprehensive experimental results,
we demonstrated a significant performance im-
provement in reasoning-intensive generation
tasks and verified the cross-model portability
of our reasoning core module.

2 Related Work

2.1 Foundational Generative Models

Modern image generation is predominantly an-
chored in diffusion-based frameworks (Ho et al.,
2020; Rombach et al.,, 2022). Recent ad-
vances (Esser et al., 2024; Labs, 2024; Wu et al.,
2025a) build upon Diffusion Transformers (Peebles
and Xie, 2023) and flow matching (Lipman et al.,
2022) to improve fidelity, prompt alignment, and
diversity in latent diffusion models. Meanwhile, an
emerging direction unifies autoregressive modeling
with visual generation in a single framework, giv-
ing rise to unified multimodal models (Deng et al.,
2025; Wu et al., 2025b; Xie et al., 2025; Xiao et al.,
2025). For instance, Bagel (Deng et al., 2025) uses
a transformer backbone to jointly model text and
image tokens, whereas OmniGen (Xiao et al., 2025)
dispenses with external encoders and handles mul-
tiple vision tasks through a unified pipeline. In par-
allel, image editing has evolved from mask-based
inpainting (Zhuang et al., 2024; Ju et al., 2024)
to instruction-guided manipulation (Brooks et al.,
2023; Yu et al., 2025). To further enhance instruc-
tion following, recent methods (Huang et al., 2024;
Fu et al., 2024; Lin et al., 2025; Liu et al., 2025b)
such as Qwen-Image-Edit (Wu et al., 2025a) lever-
age MLLMs for instruction parsing and planning.
However, these models fall short in executing the
complex logic required for sophisticated tasks, mo-
tivating us to introduce a dedicated Thinker module
that bolsters the model’s fundamental reasoning ca-
pabilities during generation.

2.2 Reasoning for Image Generation

Recent research has moved beyond the one-shot
mapping paradigm by explicitly incorporating rea-
soning into the image generation process. One
line of work (Jiang et al., 2025; Wang et al., 2025;
Liao et al., 2025; Zhou et al., 2026; Qin et al.,
2025) introduces clear intermediate representations
to decompose complex prompts into structured
steps or explicit spatial layouts, improving compo-
sitional consistency and coherence. Another line of
work (He et al., 2025; Mi et al., 2025; Deng et al.,
2025) encourages models to reason about intent
and constraints before drawing, moving beyond
one-shot planning to better satisfy complex require-
ments, like R-Genie (Zhang et al., 2025), which
infers latent user intent instead of merely following
the surface-level prompt. A third line of work (Guo
et al., 2025b; Wu et al., 2025¢; Li et al., 2025b,a;
Yin et al., 2025) focuses on post-generation re-
finement by introducing reflection-and-correction
mechanisms that assess the generated image, di-
agnose issues, and iteratively update the output to
improve final quality. For example, Reflect-DiT (Li
et al., 2025b) introduces explicit self-reflection to
guide revision, while EditThinker (Li et al., 2025a)
enables reasoning via multi-round reflective inter-
actions throughout the editing process. In contrast
to these approaches, we propose a universal de-
coupled thinker that offers reusable reasoning as a
standalone module, enabling easy transfer across
diverse image generation and image editing tasks.

3 Data Construction

Goal and dataset. We aim to train a standalone
Thinker that augments existing diffusion gener-
ators with transferable reasoning while remain-
ing generator-agnostic. To this end, we construct
HieraReason-40K, a selected general-purpose cor-
pus by combining four sources that cover text-to-
image generation, general image editing, reason-
ing image generation, and reasoning image editing
tasks (Han et al., 2025; Huang et al., 2025; Qian
et al., 2025; Fang et al., 2025). Each example pairs
an instruction (optionally with reference images)
with a structured reasoning trace that ends in an
enhanced prompt for the downstream generator.

Structured reasoning trace. As illustrated in
Fig. 3, we create inference-style supervision by
combining broad seed knowledge (e.g., art & cul-
ture) with input instruction to form generated infer-
ence data. Each training example is then rewritten
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Figure 3: Data construction pipeline for HieraReason-
40K. We combine seed knowledge and user requests
to generate structured reasoning traces and executable
enhanced prompts.

into a rigorous structured reasoning trace: given
an original instruction (and an optional reference
image for image editing), the annotator produces a
formalized reasoning trace followed by a final en-
hanced prompt for the generator. The trace follows
a fixed three-stage procedure. First, it analyzes the
input to identify the task type (text-to-image gener-
ation or image editing) and summarizes the intent.
Next, it makes implicit requirements explicit and
performs any necessary reasoning, such as count-
ing, puzzle solving, numerical computation, tempo-
ral extrapolation, rule-based transformations, and
attribute or coordinate lookup, to derive a concrete
visual target. Finally, it converts the resolved target
into an executable enhanced prompt. For image
editing requests, we enforce an edit-only principle:
the enhanced prompt describes only the intended
changes, assuming all unspecified content is inher-
ited from the reference image. This design ensures
that reasoning is fully completed within the trace,
while the downstream generator receives only a
renderable visual specification.

Annotation and quality control. We use
Gemini3-Pro (Comanici et al., 2025) to generate
initial structured reasoning traces, followed by au-
tomatic normalization to enforce strict format con-
sistency (e.g., mandatory stage headers and stan-
dardized image placeholders such as <image>). We
further filter or rewrite samples that violate the trace
format, fail to follow the edit-only principle for im-
age editing, produce non-visual or underspecified
targets, or exhibit inconsistencies between the rea-
soning trace and the final enhanced prompt. To
further strengthen reasoning, we also carefully de-
sign a set of task-general system prompts that cover
diverse common generation and editing scenarios.

4 Framework and Training

The core objective of our framework is to mitigate
the reasoning—execution mismatch in reasoning-
driven image generation and editing. We introduce
a decoupled think-then-execute framework with
two components: Thinker, a standalone, trainable
multimodal large language model that produces
structured reasoning traces and an executable visual
specification, and Generator, a diffusion-based
model that synthesizes the final image conditioned
on the Thinker’s outputs. Training follows a two-
stage pipeline, starting with joint supervised fine-
tuning on structured traces and then moving to an
execution-led, dual-phase reinforcement learning
stage that optimizes the Thinker using rewards com-
puted from the final generated images.

4.1 Joint Supervised Fine-Tuning

To teach the Thinker a consistent reasoning for-
mat and establish the think-then-execute pipeline,
we first perform joint supervised fine-tuning stage.
Given an instruction and an optional input image
for editing, the Thinker produces a structured rea-
soning trace and an executable visual specification,
and the Generator synthesizes the image condi-
tioned on this output for both text-to-image genera-
tion and instruction-driven editing.

The training data is organized around instruction-
following image generation and editing examples,
each containing a user instruction, an optional ref-
erence image, and a target image. We derive two
synchronized views of the same examples for joint
training: (1) an understanding view, which pairs
the input (instruction and optional reference im-
age) with the annotated structured reasoning trace,
supervising the Thinker via a language model-
ing loss; and (2) a generation view, which pairs
the executable enhanced prompt (extracted from
the trace) with the target image, supervising the
Generator via the standard diffusion denoising ob-
jective. During each training step, we sample
mini-batches from the two views and optimize
a weighted sum of the understanding loss Lyng
(token-level cross-entropy) and the generation loss
Lygen (noise-prediction mean squared error).

This joint supervised fine-tuning procedure effec-
tively aligns the instruction-generation capability
of the Thinker with the image-synthesis prior of the
Generator, ensuring that the produced reasoning in-
structions are not only semantically accurate but
also highly compatible with the Generator’s opera-
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Figure 4: Our proposed two-stage framework for reasoning-aware image generation. Stage 1 initializes the Thinker
Model and Generator Model. Given an Image & Prompt (x), the Thinker generates a Reasoning Thought (y), which
then guides the Generator to produce a Refined Image (z). Stage 2 further refines the Thinker and Generator Models
to enhance their capability in integrating complex reasoning (y) into high-fidelity visual outputs (z), applicable to
both novel image generation and existing image editing tasks.

tional semantics, thereby laying a solid foundation
for cascaded inference deployment.
Formally, the overall objective is defined as:

Lsrr = Lgen (Generator(y, Xref ), xtgt)

1
+ A Lund (Thinker(ximg)7 y), M

where Xjne denotes the input image, y is the
ground-truth reasoning process, Xf represents an
optional reference image, X is the target output
image, and A > 0 is a hyperparameter balancing
the two learning signals.

4.2 Dual-Phase Reinforcement Learning

While joint fine-tuning provides an initial align-
ment, it leaves a nontrivial reasoning—execution
gap: the Thinker may produce plans that are plau-
sible in text but suboptimal for the generator to
execute. To address this without additional manual
annotation, we introduce a dual-phase reinforce-
ment learning strategy based on Group Relative
Policy Optimization (Guo et al., 2025a). The key
idea is to sample multiple candidate traces for the
same request, execute them with the generator, and
train the Thinker by relative advantage feedback,
promoting outputs that lead to better images and
suppressing those that do not.

Phase 1: Reasoning-Oriented RL. In this
phase, we optimize the Thinker’s ability to pro-
vide effective guidance. For a given instruction,

the Thinker samples a group of GG reasoning paths
{y1,92,...,yc} We use the Generator (fixed) to
produce the corresponding images and assign a
reward r; to each path based on the final image
quality. We optimize the Thinker by maximizing:

Tp(6p) = GZ(”Gyz’p -A-) )

Told yz\p

i Ti— mean({r})

() )

Here, flz is the relative advantage, which tells
the model which reasoning chains performed better
than the group average. This forces the Thinker to
prioritize logic that is not just "correct” in text, but
"useful” for the Generator.

Phase 2: Generation-Oriented RL. With the
Thinker providing reliable plans, we next im-
prove the Generator’s execution fidelity. However,
probability-flow ODE sampling in diffusion mod-
els is essentially deterministic, limiting the stochas-
tic rollouts required by reinforcement learning. Fol-
lowing a Flow-GRPO-like idea (Liu et al., 2025a),
we convert the ODE sampler into an equivalent
reverse-time SDE to introduce controlled random-
ness, enabling G distinct rollouts {z1, 22, . .., 2}
for the same instruction and optimizing the Gener-
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In this stage, the advantage A; assigns higher
credit to denoising trajectories that yield better im-
ages. With this two-stage feedback, the Thinker
improves planning while the Generator improves
execution, leading to substantial performance gains.

Details of the reward design are provided in the ap-
pendix A.4.

5 Experiments

We evaluate Unified Thinker in four settings: gen-
eral instruction-driven image editing, general text-
to-image generation, reasoning-intensive image
editing, and reasoning-intensive text-to-image gen-
eration. Our goal is to examine whether the
decoupled Thinker-Generator architecture, fur-
ther strengthened by our dual-phase reinforce-
ment learning, yields consistent gains over strong
open-source baselines in instruction following and
reasoning-grounded visual synthesis.

5.1 Experimental Setup

Model configuration. Unless otherwise specified,
Unified Thinker uses Qwen2.5-VL-7B, and we ad-
ditionally report results with Qwen3-VL-8B (Bai
et al., 2025b,a).We use Qwen-Image-Edit (Wu
et al., 2025a) as the base generator to execute the
visual specifications produced by the Thinker. For
reinforcement learning and automated evaluation,
we adopt Qwen3-VL-30B (Bai et al., 2025a) as the
reward model, which provides feedback on both
visual correctness and logical consistency.

Training data and setup. For the supervised
cold start, we jointly fine-tune on HieraReason-
40K. For reinforcement learning, we sample 4K
high-quality instances from HieraReason-40K and
apply Group Relative Policy Optimization (GRPO)
to improve the Thinker’s structured outputs and
their executability, thereby strengthening the Gen-
erator’s adherence to the resulting specification.
Training uses NVIDIA H20 GPUs, with 16 GPUs
for supervised fine-tuning and 64 GPUs for rein-
forcement learning.

Evaluation benchmarks. We evaluate on
WiseBench (Niu et al., 2025), RISEBench (Zhao
et al., 2025), GEditBench (Liu et al., 2025b), and
PRISMBench (Fang et al., 2025). These bench-

marks cover diverse knowledge domains and edit-
ing operations, requiring models to combine high-
level semantic reasoning (e.g., temporal, and logi-
cal inference) with low-level visual manipulation
(e.g., content preservation).

5.2 Main Results

Reasoning image editing (RISEBench). As
shown in Table 1, our method markedly improves
reasoning-heavy editing over the base Qwen-
Image-Edit and a naive MLLM-thinker baseline. In
particular, the unified training strategy yields large
improvements on temporal and spatial reasoning,
indicating that the Thinker effectively resolves hid-
den constraints (e.g., temporal shifts or relational
edits) and reduces semantic drift during diffusion
execution.

Reasoning text-to-image (WiseBench). Table 4
shows that Unified Thinker achieves the strongest
overall performance among open-source models
and improves most domain categories, substantially
narrowing the gap to closed-source frontier mod-
els such as GPT-40. Gains are especially notable
in categories that demand precise entity grounding
and knowledge retrieval (e.g., cultural and biology),
suggesting that explicit planning helps translate im-
plicit constraints into executable visual specifica-
tions.

General generation and editing. Beyond
reasoning-centric benchmarks, we further confirm
that incorporating the Thinker does not compro-
mise general-purpose generation or editing perfor-
mance. On PRISM (Table 3), our method achieves
a consistent improvement in overall quality, with
gains that are mainly reflected in aesthetic pref-
erence while preserving prompt-image alignment.
On GEditBench (Table 2), Unified Thinker also
delivers modest yet consistent gains across all re-
ported metrics. Together, these results suggest that
the planning stage improves instruction decompo-
sition and visual target specification without weak-
ening the Generator’s core rendering ability, and
can even provide small benefits under standard,
non-reasoning workloads.

5.3 Ablation Study

Training stage ablation. We conduct ablation stud-
ies on RiseBench, WiseBench, and GEdit, using
Qwen-Image-Edit as the baseline and progressively
adding the Thinker module, joint fine-tuning, and
two-stage Dual-RL training.
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Table 1: Performance comparison of models on the RiseBench benchmark. We report three general performance
metrics: Instruction Reasoning (Reason.), Appearance Consistency (Consist.), and Visual Plausibility (Visual.).
Additionally, we present category-wise accuracy (%) for four specific reasoning dimensions: Temporal, Causal,
Spatial, and Logical. The Overall score is the average of these four category-wise accuracies.

Model Reason. Consist. Visual. \ Temporal Causal Spatial Logical Overall
Gemini-3-pro-image-preview  77.0 85.5 94.4 41.2 61.1 48.0 37.6 47.2
Gemini-2.5-Flash-Image 61.2 86.0 91.3 25.9 47.8 37.0 18.8 32.8
GPT-Image-1 62.8 80.2 94.9 34.1 32.2 37.0 10.6 28.9
GPT-Image- 1-mini 54.1 71.5 93.7 24.7 28.9 33.0 9.4 24.4
Gemini-2.0-Flash-exp 48.9 68.2 82.7 8.2 15.5 23.0 4.7 13.3
BAGEL (w/ CoT) 459 73.8 80.1 5.9 17.8 21.0 1.2 11.9
Seedream-4.0 58.9 67.4 91.2 12.9 12.2 11.0 7.1 10.8
Gemini-2.0-Flash-pre 49.9 68.4 84.9 10.6 13.3 11.0 2.3 94
FLUX.1-Kontext-Dev 26.0 71.6 85.2 2.3 5.5 13.0 1.2 5.8
Ovis-Ul 33.9 52.7 72.9 1.2 33 4.0 2.4 2.8
Step1X-Edit 30.3 12.6 74.9 0.0 2.2 2.0 3.5 1.9
OmniGen 25.1 41.5 73.5 1.2 1.0 0.0 1.2 0.8
EMU2 22.6 38.2 78.3 1.2 1.1 0.0 0.0 0.5
BAGEL 36.5 53.5 73.0 2.4 5.6 14.0 1.2 6.1
+ Unified Thinker (Qwen2.5-VL-7B) 53.3 73.6 78.1 14.1 17.7 18.0 3.5 13.6
+ Unified Thinker (Qwen3-VL-8B) 58.7 75.7 80.9 15.2 17.7 20.0 8.2 15.5
Qwen-Image-Edit 37.2 66.4 86.9 4.7 10.0 17.0 2.4 8.9
+ Unified Thinker (Qwen2.5-VL-7B) 58.6 75.9 90.1 24.7 22.2 38.0 9.4 24.2
+ Unified Thinker (Qwen3-VL-8B) 61.9 76.2 90.5 329 30.0 41.0 94 28.9

Table 2: Results on GEditBench for general instruction-
based image editing. We report G_SC, G_PQ, and G_O
on the English split.

Table 3: Results on PRISM for general text-to-image
generation. We report alignment (Aln), aesthetics (Aes),
and average (Avg) using GPT-4.1 as evaluation.

Model G_SCtT G_PQT GO Model AlnT AesT Avgt
UniWorld-V2 8.29 8.02 7.83 Gemini-2.5-Flash-Image 87.1 83.4 85.3
Step1x-edit-v1p2(reflection) 8.18 7.85 7.58 Qwen-Image 81.1 78.6 79.9
Step1x-edit-v1p2(thinking) 8.02 7.64 7.36 SEEDream 3.0 80.5 78.7 79.6
Step1X-edit-v1.1 7.66 7.35 6.97 HiDream-11-Full 76.1 75.6 75.9
Flux-Kontext-dev 7.16 7.37 6.51 FLUX.1-Krea-dev 74.3 75.1 74.7
OmniGen2 7.16 6.77 6.41 SD3.5-Large 73.9 73.5 73.7
OmniGen 5.96 5.89 5.06 FLUX.1-dev 72.4 74.9 73.7
AnyEdit 3.18 5.82 3.21 HiDream-I1-Dev 70.3 70.0 70.2
BAGEL 7.36 6.83 6.52 BAGEL 66.7 63.4 65.1
+ Unified Thinker (Qwen2.5-VL-7B) 7.29 6.88 6.53 + Unified Thinker (Qwen2.5-VL-7B) 73.5 67.7 70.6
+ Unified Thinker (Qwen3-VL-8B) 7.38 6.75 6.60 + Unified Thinker (Qwen3-VL-8B) 75.1 69.2 72.1
Qwen-Image-Edit 8.00 7.86 7.56 Qwen-Image-Edit 76.9 70.7 73.8
+ Unified Thinker (Qwen2.5-VL-7B)  8.17 7.94 7.67 + Unified Thinker (Qwen2.5-VL-7B) 77.3 73.8 75.6
+ Unified Thinker (Qwen3-VL-8B) 8.15 8.04 7.71 + Unified Thinker (Qwen3-VL-8B) 83.2 73.0 78.1

Table 5 shows that introducing the Thinker no-
tably improves performance on reasoning-oriented
benchmarks, while slightly hurting low-level edit-
ing quality on GEdit, revealing a mild objective
trade-off. Joint fine-tuning alleviates this mismatch
and stabilizes multi-task behavior, and the pro-
posed two-stage Dual-RL further yields consistent

gains across all benchmarks, leading to the best
overall results by better aligning reasoning with
final visual outcomes.

Thinker backbone ablation. We instantiate
Unified Thinker with two backbones(Qwen2.5-
VL-7B and Qwen3-VL-8B). Overall, a stronger
Thinker backbone tends to yield better reasoning-
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Table 4: Results on WiseBench for reasoning-based text-to-image generation. We report accuracy across six

knowledge domains and the overall score.

Model Cultural Time Space Biology Physics Chemistry Overall
GPT-40 0.81 0.71 0.89 0.83 0.79 0.74 0.80
Qwen-Image 0.62 0.63 0.77 0.57 0.75 0.40 0.62
UniWorld-V2 0.60 0.61 0.70 0.53 0.64 0.32 0.58
UniWorld-V1 0.53 0.55 0.73 0.45 0.59 0.41 0.55
Manzano-3B 0.42 0.51 0.59 0.45 0.51 0.32 0.46
Manzano-30B 0.58 0.50 0.65 0.50 0.55 0.32 0.54
OpenUni-B-512 0.37 0.45 0.58 0.39 0.50 0.30 0.43
OpenUni-L-512 0.51 0.49 0.64 0.48 0.63 0.35 0.52
OpenUni-L-1024 0.49 0.53 0.69 0.49 0.56 0.39 0.52
MetaQuery-XL 0.56 0.55 0.62 0.49 0.63 0.41 0.55
Liquid 0.38 0.42 0.53 0.36 0.47 0.30 0.41
BAGEL 0.44 0.55 0.68 0.44 0.60 0.39 0.52
+ Unified Thinker (Qwen2.5-VL-7B) 0.72 0.65 0.75 0.64 0.75 0.61 0.70
+ Unified Thinker (Qwen3-VL-8B) 0.70 0.65 0.73 0.62 0.73 0.55 0.68
Qwen-Image-Edit 0.62 0.63 0.77 0.57 0.75 0.40 0.62
+ Unified Thinker (Qwen2.5-VL-7B) 0.75 0.66 0.78 0.75 0.79 0.61 0.73
+ Unified Thinker (Qwen3-VL-8B) 0.75 0.70 0.81 0.73 0.81 0.55 0.74

Table 5: Training stage ablation results on RiseBench,
WiseBench, and GEdit. The baseline is based on Qwen-
Image-Edit. The Thinker is implemented with Qwen?2.5-
VL-7B and further trained in our framework.

Table 6: Ablation of the Thinker design on RiseBench.
We report Reason., Consist., Visual., and Overall, where
Overall is the average accuracy over Temporal, Causal,
Spatial, and Logical. The baseline is Qwen-Image-Edit.

Ablation Rise T Wise{ GEdit?T Model Reason. Consist. Visual. Overall
baseline 8.9 0.62 7.56 baseline 37.2 66.4 86.9 8.9
+ Thinker 16.4 0.66 7.49 + Gemini-2.5-Pro 64.3 71.9 88.3 25.2
+ Joint fine-tune 20.2 0.68 7.52 + GPT-5 67.4 76.6 86.3 26.9
+Dual-RL stage 1 21.9 0.72 7.61 + Qwen3-VL-30B 57.6 75.9 86.6 23.1
+ Dual-RL stage 2 24.2 0.73 7.67 + Unified Thinker (7B) 58.6 75.9 90.1 24.2

oriented performance and improves overall editing
fidelity on reasoning tasks, whereas the 7B vari-
ant can be slightly preferred on PRISM in terms
of aesthetics, suggesting a trade-off between logic
alignment and visual preference. Moreover, Table 6
shows that using an external Thinker (regardless
of the specific backbone) consistently outperforms
the Qwen-Image-Edit baseline, with most gains
coming from improved reasoning and consistency
while visual quality remains comparable.

Cross-generator ablation. We evaluate the
transferability of the Thinker module by applying
the Unified Thinker trained with the Qwen-Image-
Edit pipeline to a different generator (BAGEL). As
shown in Tables 1, 4, and 2, adding Thinker con-
sistently improves BAGEL on both RiseBench and
GEditBench, demonstrating that the module gen-
eralizes beyond the training generator and can be

integrated into other generation models with stable
gains.

6 Conclusion

We propose UNIFIED THINKER, a decoupled
Thinker—Generator framework that equips diffu-
sion models with transferable reasoning and plan-
ning. The Thinker maps user requests for both
text-to-image generation and image editing into a
structured, executable intermediate representation,
enabling the Generator to focus on faithful visual
synthesis. We build a ~40K cold-start training
corpus with strict formatting and further enhance
both planning and execution with a two-stage RL
pipeline. Extensive experiments show consistent
gains over strong open-source baselines, especially
on reasoning-intensive requests, demonstrating the
value of separating reasoning from rendering.
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7 Limitations

Our approach still depends on the quality and cov-
erage of the intermediate representation, training
data, and automatic rewards used during RL, which
can introduce bias and limit generalization beyond
the evaluated benchmarks. While the Thinker is
designed to be generator-agnostic, executability is
not fully invariant across different diffusion back-
ends, and some difficult edits (e.g., fine-grained
geometric changes, strict locality, or precise text
rendering) remain challenging. Finally, the addi-
tional planning stage increases inference latency
and compute cost compared to directly prompting
a single generator.
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A Implementation Details

A.1 Joint Supervised Fine-Tuning

We perform joint supervised fine-tuning on
Qwen2.5-VL-7B-Instruct and Qwen3-VL-8B-
Instruct with LoRA (=8, applied to all modules)
on 16 NVIDIA H20 GPUs,. Training uses a mixed
instruction dataset (mixed edit and text-to-image
data in HieraReason-40K) with the qwen3_vl tem-
plate, maximum sequence length 8096. We use
batch size 4 per device with 8 gradient accumula-
tion steps, learning rate 4 x 10~?, cosine schedule
with 10% warmup, for 5 epochs. We set A = 0.5.
The image is resized so that the short side is 512
pixels, with aspect ratio preserved.

A.2 Dual-Phase Reinforcement Learning

We further optimize the models with GRPO on 64
GPUs. For rollouts, we use a batch size of 16 and
generate 24 candidates per prompt with sequence
expansion enabled. We sample outputs with top
k=100, and temperature 0.99, allowing up to 8192
new tokens; both prompt and response are capped
at 8192 tokens. Each iteration performs one up-
date epoch with clipping thresholds of 0.5 (value),
10 (reward), and 10 (advantage), without advan-
tage whitening. We include KL regularization with
a coefficient of 0.01 against a reference model.
The ’thinker’ actor is initialized from Qwen2.5-VL-
7B-Instruct/Qwen3-VL-8B-Instruct and trained in
BF16 using a learning rate of 1 x 10~ and weight
decay 0.01, with an effective batch size realized
via 1 sample per GPU and 96 gradient accumula-
tion steps under Megatron parallelism (tensor par-
allelism 4 with sequence parallelism). Rewards are
computed using Qwen3-VL-30B-A3B-Instruct as
the VLM judge and Qwen-Image-Edit as the editor,
using 10 edit sampling steps.

A.3 Training Evaluation

Fig. 5 plots the mean reward score during train-
ing, which increases steadily, indicating consistent
improvement of the learned policy. Fig. 6 reports
the per-step rollout generation time, showing the
runtime behavior throughout training.

A.4 Reward Model and Design

We use a VLM-based reward model to provide
a scalar supervision signal for both image-editing
and text-to-image (T2I) training. For image editing,
the judge is conditioned on the pre-edit image, the
post-edit image, the edit instruction (edit prompt),

critic/score/mean (steps <= 400)

475 critic/score/mean (raw)
critic/score/mean (smooth, w=20)

0 50 100 150 200 250 300 350 400
step

Figure 5: Mean reward score over training.

time/step_generate (steps <= 400)

time/step_generate (raw)
time/step_generate (smooth, w=20)

0 50 100 150 200 250 300 350 400
step

Figure 6: Per-step rollout generation time over training.

and a reference description of the intended out-
come (reasoning edit prompt), and returns three
integer subscores on a 1-5 scale: Appearance Con-
sistency (whether non-instructed regions remain
unchanged), Reasoning/Alignment (how well the
edited image matches the intended result under the
instruction), and Visual Plausibility (realism and
overall generation quality); these subscores are ag-
gregated into a single scalar reward. For T2I, we
first synthesize an image from the prompt (and,
when applicable, the answer field extracted from
the model output) and then evaluate it with the
same VLM judge using a strict rubric that outputs
three integer subscores in {0, 1, 2}—Consistency
(prompt-image alignment), Realism (physical plau-
sibility and fidelity), and Aesthetic Quality (overall
visual appeal)—whose mean yields the final reward
in [0, 2] for reinforcement learning.

A.5 Evaluated Comparative Models

The following models were used in our compara-
tive evaluation:

Gemini-2.5-Flash-Image(Nano Banana): A state-
of-the-art multimodal model by Google optimized
for high-fidelity text-to-image generation, complex
image editing, and multi-image composition (Co-
manici et al., 2025).

GPT-Image-1 & GPT-40: OpenAl’s unified mul-
timodal series that demonstrates advanced spatial-
temporal reasoning and end-to-end processing
across text and vision (Hurst et al., 2024).
Gemini-2.0-Flash: A multimodal model from
Google designed for real-time visual and textual
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Source Samples Task Type Input Output

Unireditbench ~ 10K  Reasoning Image editing instruction + image think + enhanced prompt
Pico-Banana-400K ~ 10K Image editing instruction + image  think + enhanced prompt
IRGL-300K ~ 10K Reasoning T2I instruction think + enhanced prompt
Flux-reason-6m ~ 10K T21 instruction think + enhanced prompt
Total 40K 4 categories - think + enhanced prompt

Table 7: Composition of HieraReason-40K. We sample 10K instances from each source dataset and distill them into
a unified, structured format using Gemini with our system prompt.

reasoning tasks (Team et al., 2025).

BAGEL: A unified understanding and generation
multimodal framework that incorporates Chain-of-
Thought (CoT) reasoning to improve logical deduc-
tion in visual tasks (Deng et al., 2025).
Qwen-Image / Edit: A series of vision-language
models from Alibaba; the Edit variant is specifi-
cally fine-tuned for instruction-based image manip-
ulation (Wu et al., 2025a).

EMU2: A generative multimodal model that uses
a unified modeling framework for both visual-
sequential understanding and generation (Sun et al.,
2024).

FLUX.1 (Dev/Kontext): A flow-matching based
rectified flow transformer model known for su-
perior text rendering and adherence to complex
prompts (Labs, 2024).

Stable Diffusion 3.5 (SD3.5): A Multimodal Diffu-
sion Transformer (MMDIT) architecture optimized
for high-resolution synthesis and prompt following
(Esser et al., 2024).

OmniGen: A unified image generation model ca-
pable of handling various tasks including genera-
tion, editing, and control within a single framework
(Wu et al., 2025c¢).

Ovis: An open-source structural visual-language
model designed to process high-resolution images
with structural integrity (Lu et al., 2024).
Step1X-Edit (v1.1/v1.2): A family of genera-
tive models by StepFun; the v1.2 variants utilize
"thinking" and "reflection” mechanisms to improve
reasoning-heavy editing tasks (Liu et al., 2025b).
UniWorld (V1/V2): A multimodal world model
framework designed for spatial-temporal under-
standing and high-fidelity video/image synthesis
(Lin et al., 2025).

Manzano : A unified multimodal large model
framework with a shared visual encoder.(Li et al.,
2025¢).

OpenUni (B/L): A fully open-source lightweight
multimodal unified baseline. It connects existing
multimodal large language models with diffusion

models through learnable queries and a lightweight
Transformer connector, thereby enabling simulta-
neous multimodal understanding and image gener-
ation. (Wu et al., 2025e).

MetaQuery-XL: An expanded multimodal. It con-
nects the frozen multimodal large model and the
diffusion model with a set of learnable queries,
transferring the understanding and reasoning ca-
pabilities of the large model to image generation.
(Pan et al., 2025).

Liquid: An extensible unified autoregressive gener-
ation paradigm that discretizes images into tokens
and shares the same token/embedding space with
text tokens, enabling a single large language model
to simultaneously perform multimodal understand-
ing and image generation. (Wu et al., 2025d).

B System Prompt

We design a system prompt that converts user
instructions (optionally with a reference image)
into high-quality English prompts for diffusion
models. It enforces a strict T2I/I2I split: T2I de-
scribes the full scene, while 121 specifies only the
required edits. A “golden rule” forbids restating
unchanged content to reduce edit drift. Moreover,
the “Brain vs. Hand” principle confines reasoning
to <think> and outputs only the concrete visual
result in <answer>.

This design supports four common scenarios: (1)
T2I generation with complete scene specification;
(2) I2I local edits (add/change/replace) with im-
proved consistency; (3) combine/transform tasks
via consolidated, non-conflicting visual descrip-
tions; and (4) solve/draw tasks by forcing reason-
ing to be resolved into an explicit visual target
before generation.

C Details of HieraReason-40K

HieraReason-40K is built to train a generator-
agnostic Thinker that produces structured reason-
ing traces and a final enhanced prompt for down-
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System Prompt

You are a Visual-Language Model (VLM) Prompt Optimization Expert specializing in image generation and
editing. Your core task is to receive user instructions (potentially including a reference image), and after deep visual
analysis and logical reasoning, output an enhanced English prompt (enhanced_prompt) for downstream Diffusion
Models to generate high-quality images.

### Three Core Principles (Guiding Principles)
You must always adhere to the following three unshakeable principles, which are the foundation of all your actions.

1. Task Dichotomy: Your primary judgment is to distinguish between ''Text-to-Image (T2I)'" and
""Image-to-Image (12I)."

- T2I is fundamentally about Creation: Your ‘answer must describe the entire scene in detail from scratch.
- I21 is fundamentally about Modification: Your ‘answer‘ must be a precise instruction, describing only the
change that needs to occur.

2. The "Golden Rule' for 121 (Modification Focus Principle): For any 121 task, your ‘answer* is strictly
forbidden from containing descriptions of any areas or elements that should remain unchanged. The
downstream model relies on the reference image to maintain constancy; restating these elements in the prompt
will only lead to confusion and inconsistency.

3. The "Brain vs. Hand'' Principle for Reasoning: If the task requires logical reasoning, calculation, knowledge
retrieval, or conceptual transformation, you must act as the ''Brain."

- Complete all thinking within the ‘<think>‘ tag and arrive at a concrete, visual final result.
- In the ‘<answer>‘ tag, you must directly provide the visual description of this result, rather than asking the
"Hand" (the downstream Diffusion Model) to repeat your thinking process.

### Guide for Thinking Process (<think> Tag Content)

You must structure your thinking within the ‘<think>‘ tag by naturally deconstructing the task through answering the
following series of questions:

Step 1: Input Analysis & Intent Identification
* Basic Judgment: Is this task "Text-to-Image" or "Image-to-Image"?

¢ Intent Verb: What is the user’s core intent? Is it Add, Change, Replace, Isolate/Extract, Combine, Transform
(style/pose/concept), or Solve/Draw (solve and then draw)?

Step 2: Reasoning Activation & Result Concretization

¢ Reasoning Check: Does fulfilling the intent from the previous step require reasoning beyond the literal meaning?
* Execute Reasoning (If required): Immediately perform the required reasoning here.

¢ Result Statement: After reasoning is complete, you must explicitly state: '"The concrete visual result of my
reasoning is: [Write the specific, visual answer here]"'.

Step 3: Strategy Formulation & Prompt Construction

* Comprehensive Decision: Formulate the final ‘answer‘ based on the "Task Type" (T21/I12I), the "User Intent
Verb," and the "Concrete Reasoning Result" (if any).

* Principle-Based Construction:
- If the task is '"Text-to-Image'': enrich the scene from scratch.
- If the task is "'Image-to-Image'': describe only the change; refer to the given image.

### Output Format (<answer> Tag Content)
Directly output a block of text, which must strictly adhere to the following format:
<think>

</think>

<answer >Enhanced English Prompt</answer>

stream diffusion models. We collect 40K instruc-  source, and then convert them into a unified format
tion examples from four open-source datasets cov-  via structured knowledge distillation with Gemini
ering image editing and reasoning-oriented gen- under our system prompt, yielding intermediate
eration/editing tasks (Han et al., 2025; Huang reasoning traces aligned with the final enhanced

et al., 2025; Qian et al., 2025; Fang et al., 2025).  prompt.
Specifically, we sample 10K instances from each

10610



~ Temporal Reasoning
Prompt Input Image Refined Prompt

Add a layer of fresh snow accumulation on top,

softening the contours and partially covering

the features.

Draw what it will
look like after six

hours outdoors on
a snowy day.

Reasoning Thought **Step 1: Input Analysis & Intent Identification**\n- **Basic Judgment**: The user asks to \"Draw what *it*
will look like after six hours outdoors on a snowy day.\" The use of \"it\" and \"after\" implies a transformation of a pre-existing object
shown in a reference image. This is an **Image-to-Image (I2I)** task. Although the image is missing, the logic of the task remains I21.\n-
**Intent Verb**: The core intent is **Transform**. The user wants to see the effect of time (six hours) and weather (snowy day) on the
object in the image.\n\n**Step 2: Reasoning Activation & Result Concretization**\n- **Reasoning Check**: Yes, ...32/ tokens... My
prompt must describe the change dictated by my reasoning.\n- **Principle-Based Construction**: I must adhere to the \"Golden Rule\"
for 121. My prompt should **only** describe the addition of the snow and its effects. It is strictly forbidden to describe the object itself
(e.g., \"a snowman with a carrot nose\"), as that information is provided by the reference image. The prompt will instruct the model on what
modification to perform.\n\nMy final prompt will describe the action of adding an accumulated layer of snow. )

-

(a)

K— Temporal Reasoning
Prompt Input Image Refined Prompt Output Image \
) ) A cinematic close-up of a thick pillar candle that has been
Draw what it will burning for hours. The candle is now a short, melted stub,
look like a six sitting in a wide, irregular pool of solidified and glistening
hours later. molten wax on a dark, rustic wooden table. The single,

flickering flame casts a warm, dim glow, creating long, soft
shadows and highlighting the texture of the wood and the
messy drips of wax. The background is completely dark and
out of focus.

Reasoning Thought **Step 1: Input Analysis & Intent Identification**\n* **Basic Judgment**: The user's instruction is \"Draw what
it will look like a six hours later.\" This instruction implies a starting point (an image) that needs to be temporally evolved. However, the
system notes \"image not found.\" Without a reference image, an Image-to-Image (I2I) task is impossible. Therefore, I must treat this as a
Text-to-Image (T2I) task. My role is to invent a plausible scene, apply the temporal logic, and generate a detailed description of the *final
state. ...427 tokens... Step 3: Strategy Formulation & Prompt Construction**\n* **Comprehensive Decision**: Since this is a T21 task, I
must create a complete and detailed description of the final scene from scratch, based on my reasoning. I will not mention the \"before\"
state or the passage of time in the prompt itself.\n* **Principle-Based Construction**: Following the \"Brain vs. Hand\" principle, I will
directly describe the concrete visual result. The prompt will be a rich, descriptive paragraph detailing the burnt-down candle, the melted
\wax, the quality of light, and the overall atmosphere, to guide the diffusion model effectively. )

(b)

(- Temporal Reasoning
Prompt Input Image Refined Prompt Output Image \
- A perfectly baked loaf of bread, risen high with
a domed top and a deep golden-brown, crispy
crust.

Draw what it will
look like after
baking for 45
minutes.

Reasoning Thought **Step 1: Input Analysis & Intent Identification**\n- **Basic Judgment**: The user has provided an image of
raw dough in a loaf pan and wants to see the result after baking. This is a task of transforming the state of the object in the image. Therefore,
this is an **Image-to-Image (I2I)** task.\n- **Intent Verb**: The core intent is to **Transform** the raw dough into its baked form. This
requires reasoning about the physical process of baking. ...284 tokens... **Step 3: Strategy Formulation & Prompt Construction**\n-
**Comprehensive Decision**: The task is I2I, and the intent is to transform the dough. My reasoning has established the visual
characteristics of the baked loaf.\n- **Principle-Based Construction**: T must adhere to the **\"Golden Rule\" for I2I**. T will describe
*only the change*. The reference image provides the pan, the setting, and the initial object. My prompt must describe the new state of that
object, effectively replacing the raw dough with the baked bread. I will not mention the pan, the counter, or any other element that remains
\ the same. The prompt should focus entirely on the visual description of the baked loaf that replaces the dough. )

(©)

Figure 7: Visual demonstrations of UnifiedThinker on unified image generative tasks.
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~ Temporal Reasoning
Prompt Input Image Refined Prompt Output Image

Ultra-realistic, high-detail photo of a man in his late 20s,
showcasing the results of a year of dedicated fitness. He has a
lean, athletic, and muscular physique with a prominent V-taper
torso, well-defined six-pack abs, and strong, sculpted arms and
chest. He is standing confidently in a modern, brightly lit gym,
wearing athletic shorts and a tank top. The lighting is dramatic,
casting shadows that accentuate his muscle definition. He has a
healthy glow and a confident expression.

Draw what he will
look like after

exercising for a
year.

Reasoning Thought **Step 1: Input Analysis & Intent Identification**\n- **Basic Judgment**: The user has provided only a text
instruction (\"Draw what he will look like after exercising for a year\") without a reference image. This is a **Text-to-Image (T2I)**
task.\n-  **Intent Verb**: The core intent is **Solve/Draw** or **Transform**. The user is asking me to perform a conceptual
transformation (what happens to a person's body after a year of exercise) and then draw the result. The subject \"he\" implies a generic
male.\n\n**Step 2: Reasoning Activation & Result ...450 tokens... I'll add details about the style, lighting, and setting to create a high-
quality image.\n\n * **Subject**: A man in his late 20s.\n * **Body Description**: Athletic build, lean and muscular, well-defined
six-pack abs, strong biceps and chest, V-taper torso.\n * **Attire**: Wearing athletic shorts and a tank top to showcase his physique.\n
*  **Setting**: Standing in a modern, brightly lit gym.\n * **Pose/Expression**: A confident smile, looking directly at the camera.\n
* **Style**: Ultra-realistic photo, high detail, sharp focus, dramatic lighting that enhances muscle definition.

- J

(d)

~ Temporal Reasoning
P \

rompt Input Image Refined Prompt Output Image

Full body portrait of an early hominin, Homo habilis,
from 2.3 million years ago, standing on the African
savanna. The hominin has a sloped forehead,
prominent brow ridge, a prognathic jaw, and a body
covered in coarse dark hair. It is holding a simple
Oldowan stone chopper. The background is a vast,
sun-drenched grassland with scattered acacia trees.

Draw what this
species look like
more than two
million years ago.

Reasoning Thought **Step 1: Input Analysis & Intent Identification**\n- **Basic Judgment**: The user‘s request is \“Draw what
this species look like more than two million years ago.\” Although the user refers to \“this species\” and a file path is given, the image is
not provided. The core task is to create a new image of an ancestral form of a species based on a temporal shift. This is not a modification
of an existing image but a creation of a new one based on a concept. Therefore, this is a **Text-to-Image (T2I)** task.\n- **Intent Verb**:
The primary intent is **Transform**, specifically a conceptual and temporal transformation. I need to take a concept (a species, likely a
human given the context of such questions) and reverse-evolve it to a specific time period. This is fundamentally a **Solve/Draw** task,
as I must first solve the paleontological question and then draw the result.\n\n**Step 2: Reasoning Activation & Result Concretization**\n-
...075 tokens... **Principle-Based Construction**: I will construct a rich prompt describing the hominin ancestor and its environment in
\ detail. I will add photographic terms to guide the style towards realism, as if it were a wildlife photograph of a long-extinct species. )

(e)

Spatial Reasonin
o 8 N

rompt Input Image Refined Prompt Output Image
Generate an image A photorealistic image of a stack of four cubes on a
stacking these four clean, white surface. From bottom to top, the order of
cubes in order . = . | the cubes is: a red cube, a green cube, a blue cube,
from bottom to and a white cube on top. The cubes are perfectly
top: red, green, aligned. Studio lighting, sharp focus, hyper-detailed.

blue, and white.

Reasoning Thought **Step 1: Input Analysis & Intent Identification**\n- **Basic Judgment**: This is a **\"Text-to-Image (T2D)\"**
task. The user has provided only a text description and no reference image.\n- **Intent Verb**: The user's core intent is **Solve/Draw**.
They have given a specific logical instruction (an order of stacking) that must be visually interpreted and then drawn.\n\n**Step 2:
Reasoning Activation & Result Concretization**\n- **Reasoning Check**: Yes, reasoning is required. The instruction \"stacking these
four cubes in order from bottom to top: red, green, blue, ...175 fokens... **Step 3: Strategy Formulation & Prompt Construction**\n-
**Comprehensive Decision**: This is a T2I task, and my goal is to create an image of the solved visual puzzle. I must adhere to the \"Brain
vs. Hand\" principle and describe the final visual state directly.\n- **Principle-Based Construction**: As it's a T2I task, I will describe the
entire scene from scratch. I will not mention the process of \"stacking\" but will describe the final stacked state. I'll add details to ensure a
high-quality, clear image. The prompt will describe the objects, their specific arrangement and colors, and the overall aesthetic.

-

®

Figure 8: Visual demonstrations of UnifiedThinker on unified image generative tasks.
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Logical Reasoning

Prompt Input Image Refined Prompt Output Image

3

Draw a clear red P -
line path from a v ‘

red-and-white Draw a clear red line path from the mushroom
spotted mushroom ) ‘ Q house to the mud pit.
‘ ®

house to a round

. Y Ty
mud pit. J"

Reasoning Thought **Step 1: Input Analysis & Intent Identification**\n- **Basic Judgment**: The user has provided an image and
an instruction to modify it. This is an **\"Image-to-Image (I2I)\"** task.\n- **Intent Verb**: The user's core intent is to \"Draw a clear
red line path,\" which falls under the **Add** category.\n\n**Step 2: Reasoning Activation & Result Concretization**\n- **Reasoning
Check**: Yes, this task requires reasoning. I need to visually identify the two specific locations mentioned in the prompt (\"red-and-white
spotted mushroom house\" and \"round mud pit\") and then determine a plausible path between them.\n- ... 163 tokens... ¥*Comprehensive
Decision**: This is an I12I task, and the intent is to \"Add\" an element. According to the \"Golden Rule for I2I,\" I must only describe the
change. The change is the addition of the red line.\n- **Principle-Based Construction**: My answer must not mention the mushroom
house, the mud pit, the grass, or any other existing element. It must be a precise instruction describing only the element to be added. The
\ reasoning has already established where this line should go. Therefore, the prompt will be a direct command to add that specific line.

N

J

(2

~ Causal Reasoning
Prompt Input Image Refined Prompt Output Image

Imagine a thermal .
camera is used to : Apply a thermal imaging camera effect. Hot subjects *
observe this scene. should be bright red, orange, and yellow. Cold 3

Draw  what it background elements should be dark blue and purple.

would capture.

Reasoning Thought **Step 1: Input Analysis & Intent Identification**\n- **Basic Judgment**: This is an **Image-to-Image (I121)**
task. The user has provided a reference image and wants to modify its appearance based on a specific concept.\n- **Intent Verb**: The
user's core intent is to **Transform** the visual style of the image into a \"thermal camera view\".\n\n**Step 2: Reasoning Activation &
Result Concretization**\n-  **Reasoning Check**: Yes, this task requires reasoning. I need to understand how a thermal camera works
and translate that principle into a visual description.\n 1. A thermal camera detects infrared radiation (heat), not visible light.\n 2. It
typically displays a color-mapped image where different colors correspond to different temperatures. ...351 tokens... **Principle-Based
Construction**: T must follow the \"Golden Rule for I2I\". T will **only** describe the change, which is the application of a thermal
imaging effect. I will not describe the man, the dog, or the setting, as those elements are to be preserved from the reference image. The
prompt will be a direct command to apply the thermal camera filter, describing the color mapping.

-

\

J

(h)

~ Causal Reasoning
Prompt Input Image Refined Prompt Output Image

Draw what it will

look like after Add childlike scribbles, messy and chaotic,
being scribbled on made with brightly colored wax crayons all
by a child. over the image.

BT T

Reasoning Thought **Step 1: Input Analysis & Intent Identification**\n- **Basic Judgment**: The user has provided a reference
image and wants to modify it based on the instruction \"Draw what it will look like after being scribbled on by a child.\" This is an \"Image-
to-Image\" (I21) task.\n-  **Intent Verb**: The core intent is to **Add** something to the existing image.\n\n**Step 2: Reasoning
Activation & Result Concretization**\n- **Reasoning Check**: Yes, this requires reasoning. ...206 tokens... The scribbles should look
like they were made by a young child, with messy loops, zig-zags, and lines in bright colors like red, blue, yellow, and green.\n\n**Step 3:
Strategy Formulation & Prompt Construction**\n-  **Comprehensive Decision**: The task is 121, and the intent is to \"Add\". My
reasoning has concretized the visual elements to be added.\n- **Principle-Based Construction**: I must adhere to the \"Golden Rule for
I21\". My prompt will *only* describe the change to be made (the scribbles) and will not mention the original image's content (the building,
the street, etc.). The prompt should precisely describe the visual characteristics of the scribbles I reasoned out in the previous step.

.

~

J

(@)

Figure 9: Visual demonstrations of UnifiedThinker on unified image generative tasks.
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