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Abstract. Humans paint images incrementally: they plan a global lay-
out, sketch a coarse draft, inspect, and refine details, and most impor-
tantly, each step is grounded in the evolving visual states. However, can
unified multimodal models trained on text-image interleaved datasets
also imagine the chain of intermediate states? In this paper, we introduce
process-driven image generation, a multi-step paradigm that decom-
poses synthesis into an interleaved reasoning trajectory of thoughts
and actions. Rather than generating images in a single step, our ap-
proach unfolds across multiple iterations, each consisting of 4 stages: tex-
tual planning, visual drafting, textual reflection, and visual refinement.
The textual reasoning explicitly conditions how the visual state should
evolve, while the generated visual intermediate in turn constrains and
grounds the next round of textual reasoning. A core challenge of process-
driven generation stems from the ambiguity of intermediate states: how
can models evaluate each partially-complete image? We address this
through dense, step-wise supervision that maintains two complementary
constraints: for the visual intermediate states, we enforce the spatial and
semantic consistency; for the textual intermediate states, we preserve the
prior visual knowledge while enabling the model to identify and correct
prompt-violating elements. This makes the generation process explicit,
interpretable, and directly supervisable. To validate proposed method,
we conduct experiments under various text-to-image benchmarks.
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1 Introduction

Despite impressive progress in image generation, today’s models still remain
brittle on elementary visual logic and produce plausible but incorrect images.
As shown in Fig. [I[} a prompt of a bear hovering above a spoon might incor-
rectly yield a bear standing beside it. Such a one-shot black-box generation
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Fig. 1: Single-pass generation vs process-driven interleaved reasoning. Instead of train-
ing model to generate a final image within a single pass, we teach a unified multimodal
foundation model to construct the image stroke by stroke, decision by decision. This
process of Plan, Sketch, Inspect, and Refine enables transformation of ambiguous
intermediates into compositionally faithful final images.

forces the model to commit to an entire scene within a single forward pass, re-
solving precise spatial layouts, object relations, and fine-grained attributes. Al-
though step-wise reasoning has been proposed through textual chain-of-thought
(CoT) it remains visually blind, unable to dynamically perceive spa-
tial misalignments or evolve object states . This motivates a paradigm
shift from language-driven to genuinely multimodal, visually-grounded reasoning.
However, multimodal CoT and tool-augmented sketching decou-
ple reasoning from generation; post-hoc refinement remains outcome-based,
where interleaving is limited to repairing after generation rather than reasoning
during generation.

We challenge this outcome-driven paradigm with process-driven image gen-
eration via interleaved reasoning anchored in both vision and text, through a
unified multimodal foudnation model. We reformulate image generation with a
unified multimodal models as a co-evolving trajectory of textual plan and vi-
sual states, orchestrated through a recurring four-stage process: Plan — Sketch
— Inspect — Refine. The model does not hallucinate a final image; it con-
structs the image stroke by stroke, decision by decision. As shown in Figure [I],
the first stage is Plan, where a unified foundation model generates text instruc-
tion <ins> that specifies the incremental update (what to add or modify) and
the state description <des> of the global scene hypothesis. The Sketch stage syn-
thesizes a partial visual draft conditioned on prior context. The Inspect stage
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detects conflicts between sketch, plan, and prompt. The Refine stage produces a
refinement plan <refine> and revise the image. This tightly-coupled loop enables
error correction as it emerges, transforming generation from a black-box single
pass into a controllable, self-correcting dialog between reasoning and vision.

A central challenge in process-driven image generation is supervising inter-
leaved trajectories with ambiguous intermediate states, which poses three chal-
lenges: 1) how to construct a generation path and design intermediate states:
Incomplete intermediate states are inherently ambiguous. For example, a miss-
ing object could be attributed to “not yet drawn” or “incorrectly omitted”. We
tackle this by generating multi-turn trajectories of intermediate states via scene
graph subsampling, yielding logically ordered incremental prompts that ex-
pand the composition without contradictions. 2) how to teach a model to see
its mistakes: We propose to construct a dual-stream process-critique data
comprising error traces and alignment evaluation, to teach models to perform
self-assessment from btoh textual and visual states, leveraging judges from a
VLM operating on sampled trajectories. Finally, how to jointly co-evolve text
and vision reasoning. We propose training a unified multimodal sequencer,
such as BAGEL [6], to autoregressively generate interleaved multimodal tokens.
As the result, the single model performs tasks decomposition, visual generation,
self-validation and refinement in a sequential fashion, without the help from any
external models.

Experiments prove our process-driven generation lifts the base BAGEL-7B [6]
from 79% to 83% (4+4%) on GenEval for composition object alignment and
boosts the WISE for world knowledge reasoning from 70% to 76% (+6%). Com-
pared to existing process-level approach PARM |[13|, our framework achieves a
superior balance of performance and efficiency: it delivers higher accuracy (0.83
vs. 0.77 on GenEval) with an 8x reduction in both training data and inference
cost. This advantage stems from our use of semantic partitioning—supervising
concrete visual states rather than the blurry latent noise used in prior work.
Finally, ablation studies identify diverse editing instructions and self-sampled
critiques as the key drivers of our success, outperforming symbolic corrections
by +6% and proving that internalizing the model’s own failure modes is far more
effective than imposing external fixes.

2 Related Work

2.1 Unified Multimodal Model

Unified multimodal models aim to unify visual understanding and generation
within a single framework, building on the strong perceptual abilities of modern
multimodal large language models. Early autoregressive approach, e.g., Chameleon
[39], Emu3 [42], and Show-o [49], rely on discrete visual tokenizers such as VQ-
VAE [29] to model images as token sequences, achieving unified model but suf-
fering from constrained fine-grained visual understanding. Another line of work
couples a pretrained LLM with an external diffusion module, where the LLM pro-
vides semantic condition for image generation |7}31}/40,46|; while effective, this
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decoupled design prevents the model from fully leveraging its understanding ca-
pability during generation. More recent integrated transformer frameworks, such
as the Janus series [3}25], LlamaFusion [38], and BAGEL 6], directly combine
autoregressive text modeling with diffusion-based generation to better align rep-
resentation spaces and support large-scale interleaved text—image pretraining.
However, despite these advances, existing unified models still struggle to tightly
couple semantic reasoning with the generative process, limiting their ability to
produce images with complex, logically structured content.

2.2 Reasoning in Image Generation

Recent studies have begun exploring interleaved reasoning in image generation,
extending the success of chain-of-thought [44] from text |43}48] to multimodal
settings [541530]. Early works adopt verification-based [13| or prompt-refinement
strategies |22|, where reasoning is performed either after image sampling or be-
fore generation; however, such text-only reasoning is isolated and remains decou-
pled from the evolving visual state. More recent attempts introduce multi-turn
reasoning that alternates between textual analysis and visual outputs [649}/16,51],
yet these methods typically treat images as static endpoints rather than interme-
diate states to be interpreted, critiqued, and updated. As a result, the reasoning
flow becomes fragmented and fails to maintain coherence across steps, limiting
fine-grained control over spatial relations, object dynamics, and global scene
evolution. Overall, current approaches do not realize fully interleaved reasoning
— where textual reasoning and visual generation mutually inform each other
throughout the process—highlighting a key gap our work aims to mitigate.

3 Method

Most existing image generation models generate images in a single forward pass,
sometimes augmented with chain-of-thought reasoning applied exclusively to the
textual prompt. However, complex spatial relationship and fine-grained visual
details are inherently difficult to encode through this one-shot paradigm, as the
model must resolve the entire scene before any visual feedback is available. To
overcome these limitations, we introduce process-driven image generation, which
reinterprets image generation as a trajectory of interleaved intermediate states.
Our method alternates between textual and visual rationales over multiple steps,
enabling the model to plan, sketch, inspect, and refine the scene progressively
and iteratively as generation unfolds.

3.1 Framework

The general framework of our model is illustrated in Fig. [2] At a high level, our
model performs image generation as a sequential, interleaved textual-visual rea-
soning process. Given a unified multimodal model Py and an input text prompt
T (with optional input image Iy, for editing use case), the model generates a
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Fig. 2: We design unified multimodal reasoning models for process-driven generation,

autoregressively generates an interleaved sequence of | text and I vision tokens.

trajectory composed of alternating textual reasoning steps s(* and intermediate
visual states v(¥), ultimately converging to the final image I

(s, 00, 5@ W@ 0® s} T~ Py(T) (1)

Building on this high-level structure, the model constructs the image through
a recurring four-stage cycle: Plan, Sketch, Inspect, and Refine. Each cycle incre-

mentally advances the generation trajectory, enabling fine-grained control over
both textual and visual evolution. Concretely:

— Stage I (Plan): The model interprets the prompt and accumulated context
to produce an incremental instruction and a global scene description of the
intended generation.

— Stage II (Sketch): Conditioned on the planned instruction, the model
synthesizes an updated draft image that reflects the intended modification.

— Stage III (Inspect): The model inspects a) the textual incremental in-
struction and global scene description against the raw complete prompt and
b) the produced draft against the planned textual instruction to identify
potential inconsistencies or mismatches.

— Stage IV (Refine): If discrepancies are found, the model revises the in-
struction and generates a corrected visual update, ensuring the evolving
scene remains coherent and aligned with the prompt.

Through the repeated application of these four stages, the overall generation
process is decomposed into a sequence of controllable, localized updates, allowing
the model to progressively assemble the final image.

Each textual intermediate s(*) appears in two forms depending on the stage
of the cycle. During the planning phase, s includes a step-specific paint-
ing instruction enclosed in <ins>...</ins> and a global description enclosed in

5
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Fig. 3: Our multi-stage dataset generation pipeline constructs process interleaved tra-
jectories with intermediate visual states and textual critiques. We ensure consistent
intermediate visual state generation using scene-graph structures, and generate inter-
mediate textual critiques via self-sampling.

<des>...</des>. During the inspection phase, if misalignment is detected, the
model emits a refinement signal enclosed in <refine>...</refine>.

The corresponding visual states v() also take two forms: the planning stage
produces a rough sketch that represents the intended update, while the refine-
ment stage polishes this sketch into a more accurate visual representation. All
visual outputs are wrapped between <|vision_start|> and <|vision_end|>
to explicitly mark modality transitions.

Overall, the interleaved reasoning pipeline can be summarized as:

1)

plan

1)

sketch

1)

inspect

S0l ST (2)

refine

T —s — v — s

3.2 Intermediate Reasoning Collection

Advancing interleaved reasoning requires addressing a challenge: representing
and evaluating partially formed images. Unlike fully rendered outputs, interme-
diate visual states are inherently incomplete, making it difficult to judge whether
the evolving scene preserves correct spatial structure and semantic coherence.
To equip the model with the ability to reason over such intermediate states,
we introduce a multi-stage data construction pipeline that generates high-quality,
process-oriented interleaved reasoning traces, as illustrated in Fig. [3] We then
performed supervised finetuning on this dataset to teach the model how to plan,
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Table 1: Detailed statistics of our curated process-oriented image-text
dataset for interleaved reasoning. The dataset comprises three specialized com-
ponents tailored to systematically upgrade the model’s generation and reasoning capa-
bilities: (1) Multi-turn Generation provides over 32K trajectories (averaging 3.51 steps
per sample) to train sequential planning (spian) and step-level sketching (vsketch); (2)
Instruction-Intermediate Conflict contains ~15K text-side samples to supervise con-
flict inspection (Sinspect ); and (3) Image-Instruction Alignment consists of 15K balanced
visual-text pairs to facilitate error analysis and state refinement (vrefine)-

Statistic Number
Multi-turn Generation
Total Samples 32,012
Average Prompt Length 152.8
Average Image per Sample 3.51
Maximum Image per Sample 5
Instruction-Intermediate Conflict
Total Samples 15,201
- Positive Samples 6,905
- Negative Samples 8,296
Image-Instruction Alignment
Total Samples 15,000
- Positive Samples 5,000
- Negative Samples 10,000

assess, and refine visual states throughout the generation trajectory. Specifically,
we introduced three dataset pipelines to comprehensively improve the models
capability on planning, step-by-step generations and reasoning. We introduce
them in detail below:

Multi-Turn Generation Subset. This dataset serves as the basic source to
adapt a single-round generation model to multi-stage process-driven generation.
We proposed a scene-graph based sampling mechanism to ensure at each step,
only a specific local region was updated while the spatial and semantic coherence
of the rest regions are preserved. Specifically, we represent each prompt using
a scene graph, where object nodes, attribute nodes, and relation edges define
the target composition. By subsampling subgraphs from the full scene graph,
we derive a sequence of incremental step-level prompts that naturally expand
the scene in a correct and controllable order — ensuring that intermediate steps
remain logically grounded. We then synthesize the ground truth of each prompt
using Flux-Kontext and filter with GPT.

However, subgraph expansion alone yields primarily additive updates, which
limits the diversity of the prompts. To enrich the action space of visual evolution,
e.g., attribute modification, swapping, removal, we further augment it by rewrit-
ing a subset of step instructions with GPT, generating semantically equivalent
but structurally different multi-step reasoning variants. This increases the cov-



8 Lei Zhang et al.

erage of visual editing behaviors and encourages the model to internalize richer
transformation primitives beyond simple addition.
Finetuning with the Multi-Turn Generation subset provides the model with

capabilities to perform step by step generation (i.e., performing the s];lan and

the v¥, . ), but this supervision alone is insufficient for the model to generalize
to high-quality reasoning. We further introduced two reasoning subsets to boost
the reasoning capabilities of the model for performing anspect and s¥ fine» Which
teaches the model how to interpret and reason about intermediate visual states,
enabling it to distinguish valid prior visual knowledge from actual conflicts with

the overall prompt.

Instruction-Intermediate Conflict Reasoning Subset. This subset focuses
on improving the reasoning capabilities on the textual side. To this purpose, we
adopt a self-sampling strategy: from a fine-tuned model on Multi-Turn gener-
ation Subset, we sample generated intermediate reasoning traces that include
textual descriptions of partially completed images and leverage GPT as judge
to eval its consistency with the original raw prompt. For conflicts, we generate
a textual analysis and a corrective instruction along with the reasoning. This
procedure provides explicit supervision for distinguishing incomplete-but-correct
intermediate textual tokens from prompt-inconsistency reasoning.

Image—Instruction Alignment Reasoning Subset. The second subset fo-
cuses on evaluating the misalignment from the visual side using the image draft
and step-level painting instruction. We extend and refine Gen-Ref dataset [55]
into two annotated categories: positive samples, where the image is consistent
with the instruction, for which GPT generates an explanation of why the align-
ment holds, and negative samples, where the image mis-aligns with the instruc-
tion, for which GPT provides an error analysis and a refinement instruction.

Table[I] summarizes the key statistics of our curated dataset, which contains
three major components tailored for process-driven image generation analysis.
The Multi-turn Generation subset includes over 32K samples, each with 3-5 in-
termediate visual states on average, reflecting diverse multi-step reasoning tra-
jectories. The Instruction-Intermediate Conflict subset provides more than 15K
samples, covering both positive and negative cases to supervise the model’s abil-
ity to detect and correct instruction conflicts. Additionally, the Image-Instruction
Alignment subset comprises 15K samples with balanced positive and negative
examples to support evaluation of fine-grained visual-text alignment.

3.3 Model

To enable process-driven interleaved reasoning, the model must possess unified
multimodal understanding and capabilities. Therefore, we adopt a unified multi-
modal model as our backbone and finetune it for our interleaved process driven
generation task.

Training Objectives. We train our model to generate text tokens autoregres-
sively, optimizing the process with a Cross-Entropy (CE) Loss. The loss is ap-
plied to positions corresponding to textual segments s(). In order to natively
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generate interleaved sequences, we add a loss term on the <|vision_start|>
and <|vision_end|> tokens, enabling the seamless switch between textual and
visual tokens generation. The CE loss for next-token prediction is defined as,

L& ==Y logPo(st | yer, T) (3)
te(l,]

On the visual side, we followed [6] and employ Rectified Flow paradigm [24] to
generate images, following:

2=t 01— el (4)

image (2) (4) (1) 2
[’MSE =E HPG(Zt |y<t,T)—(Zo — 2 )H ) (5)

The model conditions on entire preceding contexts, consisting of the input prompt
and the chain of interleaved reasoning trajectories (including visual components,
corresponding textual guidance, etc). The overall object for our training is a
weighted combination of the above objectives.

Liotal = AcE - LE5' + ﬁi\];[nsab%e (6)

where the hyperparameter Acg is a scaling coefficient to balance CE loss and
MSE loss.

Inference. During inference, given a textual prompt 7', the model autoregres-
sively generates an interleaved reasoning trajectory. Textual and visual interme-
diates are produced in a unified sequence, where modality shifts are governed by
special tokens. The whole process terminates once the the final completed image
I is emitted, marked by an end-of-sequence token.

4 Experiment

4.1 Implementation Details

We adopt the unified multimodal understanding and generation model BAGEL-
7B [6] as our base model. Throughout the training, all the model parameters are
finetuned end-to-end on a node with 8 NIVIDA H100 GPUs for 10,000 steps using
a packed sequence of 33,000 tokens, a learning rate of 2 x 107°, and cosine decay.
We extend the original training objective to support seamless transitions between
textual reasoning and visual generation within a single autoregressive sequence.
At inference time, when encounter <|vision_start|>, the model seamlessly
switches to image generation mode to generate visual aids. The entire interleaved
generation process only stops if the model generates the <vision_end> without
<|vision_start|> following. Dataset construction details are provided in Sec. [3]
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Table 2: Evaluation of text-to-image generation ability on Gen-Eval bench-
mark. “Generation Only” stands for an image generation model, and “Unified Mul-
timodal” denotes a model that has both understanding and generation capabilities.
* means we report the reproducing results using the official Github repository and
checkpoint. Our approach establishes a new state-of-the-art among unified multimodal
models, delivering a 4% absolute improvement over the BAGEL base.

Model Single Obj. Two Obj. Counting Colors Position Color Attr. Overallt
Generation Only
PixArt-X |2 0.98 0.50 0.44 0.80 0.08 0.07 0.48
SDv2.1 |36] 0.98 0.51 0.44 0.85 0.07 0.17 0.50
DALL-E 2 |35| 0.94 0.66 0.49 0.77 0.10 0.19 0.52
Emu3-Gen [42] 0.98 0.71 0.34 0.81 0.17 0.21 0.54
SDXL |32 0.98 0.74 0.39 0.85 0.15 0.23 0.55
DALL-E 3 1] 0.96 0.87 0.47 0.83 0.43 0.45 0.67
SD3-Medium |8] 0.99 0.94 0.72 0.89 0.33 0.60 0.74
FLUX.1-dev (12B) |18] 0.98 0.93 0.75 0.93 0.68 0.65 0.82
Unified Multimodal
Chameleon |39 - - - - - - 0.39
LWM |[23] 0.93 0.41 0.46 0.79 0.09 0.15 0.47
SEED-X |11] 0.97 0.58 0.26 0.80 0.19 0.14 0.49
TokenFlow-XL |34] 0.95 0.60 0.41 0.81 0.16 0.24 0.55
ILLUME |[41] 0.99 0.86 0.45 0.71 0.39 0.28 0.61
Transfusion [53] 0.63
Emu3-Gen [42] 0.99 0.81 0.42 0.80 0.49 0.45 0.66
Janus |45 0.97 0.68 0.30 0.84 0.46 0.42 0.61
Janus-Pro-7B |3] 0.99 0.89 0.59 0.90 0.79 0.66 0.80
Show-o 49| 0.98 0.80 0.66 0.84 0.31 0.50 0.68
Show-02 [50] 1.00 0.87 0.58 0.92 0.52 0.62 0.76
BAGEL-7B* |6 0.99 0.95 0.76 0.87 0.51 0.60 0.79
STIR (Ours) 0.99 0.95 0.75 0.87 0.72 0.69 0.83

4.2 Quantitative Evaluation

Table [2| demonstrates the quantitative results on the GenEval benchmark [|12],
which evaluates compositional text-to-image in various object-centric attributes.
The evaluation includes both generation-only models and unified multimodal
models. Our method exhibits particularly large gains on relational and attribute-
sensitive tasks, such as position and color attribute. These categories require
precise spatial reasoning and fine-grained cross-model alignment, which single-
pass generative models frequently fail to capture and unified multimodal models
often struggle to integrate coherently. In contrast, our process-driven interleaved
reasoning yields more reliable object grounding and attribute consistency, en-
abling our model to match or surpass the best-performing unified systems (e.g.,
Janus-Pro-7B and BAGEL) while maintaining strong performance on simple
single-object cases. Overall, our method sets a new state of the art among uni-
fied models, demonstrating that interleaving text—visual reasoning substantially
enhances structural fidelity in image generation.

Table 3| demonstrates the quantitative results on the WISE [28] benchmark,
which is designed to assess world knowledge reasoning in text-to-image gener-
ation. Generation-only models achieve moderate performance overall, ranging
from 0.32 to 0.50, due to their limited multimodal understanding capabilities.
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Table 3: Evaluation of world knowledge reasoning WISE benchmark. WISE
assesses a model’s ability to integrate world knowledge and structured semantic rea-
soning into text-to-image generation. Our approach boosts BAGEL by 6% absolute
gains, achieving nearly 15% gains on challenging tasks like Time and Chemistry.

Model Culture Time Space Biology Physics Chemistry Overallt
Generation Only
SDv1.5 |37] 0.34 0.35 0.32 0.28 0.29 0.21 0.32
SDXL |32] 0.43 0.48 0.47 0.44 0.45 0.27 0.43
SD3.5-large [8] 0.44 0.50 0.58 0.44 0.52 0.31 0.44
PixArt-X |2] 0.45 0.50 0.48 0.49 0.56 0.34 0.47
Playground-v2.5 |20| 0.49 0.58 0.55 0.43 0.48 0.33 0.49
FLUX.1-dev |18] 0.48 0.58 0.62 0.42 0.51 0.35 0.50
Unified Multimodal
Janus [45] 0.16 0.26 0.35 0.28 0.30 0.14 0.23
VILA-U [47] 0.26 0.33 0.37 0.35 0.39 0.23 0.31
Show-o 49| 0.28 0.40 0.48 0.30 0.46 0.30 0.35
Janus-Pro-7B |3| 0.30 0.37 0.49 0.36 0.42 0.26 0.35
Emu3 [42] 0.34 0.45 0.48 0.41 0.45 0.27 0.39
MetaQuery |31] 0.56 0.55 0.62 0.49 0.63 0.41 0.55
Show-02 |50 0.64 0.58 0.61 0.58 0.63 0.49 0.61
BAGEL |6 0.76 0.69 0.75 0.64 0.75 0.58 0.70
STIR (Ours) 0.74 0.82 0.73 0.70 0.76 0.78 0.76

Unified multimodal models, such as Janus-Pro and BAGEL, exhibit stronger
results. However, these models struggle with temporal and scientific domains,
such as Time and Chemistry. By incorporating process-driven reasoning, our
model achieves the best overall score 0.76 and delivers consistent improvements
across nearly all domains. In particular, we observe substantial gains in Time,
Biology, and Chemistry, demonstrating enhanced generalization to complex con-
cepts. These results show that interleaved reasoning trajectories enable models
to better utilize world knowledge during generation.

4.3 Analysis of Process-driven Reasoning

To evaluate the effectiveness of our proposed paradigm, we conduct a compar-
ative analysis against several process-based baselines. This experiment aims to
verify whether our model effectively internalizes visual-semantic grounding and
to demonstrate its efficiency compared to existing training-free and training-
based workflows.

We evaluate our approach against two distinct categories of baselines:

— BAGEL + GPT (Planner): Use GPT-40 as external guidance to pro-
vide step-by-step instructions for multi-turn image generation by the vanilla
BAGEL model.

— BAGEL + GPT (Inspector): Employ BAGEL to perform a single-round
refinement of its initial draft conditioned on verbal feedback regarding in-
consistencies provided by a GPT-4o.
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Table 4: Qualitative comparison with process-driven baselines on Gen-Eval
benchmark. “Training Dataset” indicates the number of samples used for fine-tuning.
“Inference Cost” denotes the cumulative of sampling steps required to synthesize a final
image. Our method achieves superior performance with significantly lower training and
inference overhead compared to existing process-based approaches.

Reasoning Strategy Training Dataset Inference Cost Gen-Eval Bench

Training-free

BAGEL [6| + GPT (Planner) - 50 0.60

BAGEL [6] + GPT (Inspector) - 50 0.80
Training-based

PARM |13 (TTS) 400K 1000 0.67

PARM [13| (RL+TTS) 688K 1000 0.77

STIR (Ours, SFT) 62K 131 0.83

— PARM: A state-of-the-art baseline that performs step-level verification by
assessing the potential of intermediate, blurry decoding states to satisfy the
prompt, used for path selection (TTS) or iterative alignment (RL).

The comparison with training-free methods in Table[d] underscores that SF'T
is indispensable for internalizing visual-semantic grounding. Attempt-
ing to use GPT-40 as an external planner for the base model leads to a 23%
performance collapse. This occurs because, without specialized tuning, the base
model cannot consistently ground incremental, multi-step instructions into stable
visual intermediates. Furthermore, external verbal critiques from an inspector
provide only marginal gains, confirming that verbal feedback cannot be effec-
tively translated into precise visual updates unless the model’s native generative
path is aligned through process-level training. Our approach bridges this gap,
enabling a 7B model to surpass the performance of the 12B FLUX.1-dev and
even surpass it by 26% on the WISE benchmark.

Compared to training-based baselines PARM, our method demonstrates a
superior balance between performance and efficiency across multiple dimensions:

— Computational and Data Efficiency: ur model establishes a new SOTA
score of 0.83 on GenEval, outperforming even the RL-enhanced PARM (0.77).
Crucially, we achieve this using only 62K samples—an 11x reduction in
training data compared to PARM’s 688K. During inference, our model pro-
vides a nearly 8x speedup. While PARM relies on a Best-of-20 search strat-
egy that incurs a cumulative cost of 1000 sampling steps, our model synthe-
sizes high-quality images in just 131 steps (averaging 2.62 reasoning steps per
image). This inference cost is calculated based on our model’s complexity-
adaptive reasoning, where it autonomously determines the trajectory length
based on task difficulty.

— Visual-Semantic Partitioning vs. Pixel-level Supervision: A funda-
mental distinction lies in the nature of the "process" itself. PARM supervises
the diffusion latent space, where intermediate states are often fuzzy or lack
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Table 5: Diverse editing instructions un- Table 6: Supervising refinement via
lock relational reasoning: augmenting ad-  the model’s own error trajectories (self-
ditive step prompts with richer operations  sampling) yields better performance over
boosts performance. scene-graph-derived corrections.

Case Color Position Color Attr. Case Color Position Color Attr.

w/o aug. 0.81 0.58 0.50 0.82 0.67 0.62

+ Self-critique  0.84 0.61 0.53 + scene graph  0.83 0.70 0.67

w/ aug. 0.82 0.67 0.62 + self-sampling  0.87 0.72 0.69

f Self-critique  0.87 0.72 0.69

clear human-interpretable meaning. In contrast, we utilize semantic parti-
tioning, where reasoning trajectories are adaptively driven by the emergence
of objects and relations. By supervising the model on trajectories with con-
crete visual semantics rather than abstract noise levels, our model achieves
superior grounding and complexity-adaptive reasoning.

4.4 Ablation Study and Analysis

To understand the contribution of each component in our process-driven recipe,
we conduct an extensive ablation study on the GenEval benchmark across three
dimensions: the structure of step-level instructions, the construction of inter-
mediate supervision, and the design of semantic—visual consistency checks. The
results show that intermediate reasoning quality emerges from the interaction of
these components rather than any single factor.

Diverse step-level instructions enable model to develop more flexi-
ble intermediate reasoning strategies. To investigate how the form of step-
level instructions influences multi-turn generation, we compare two variants of
our multi-turn generation dataset. The first variant constructs instructions from
incrementally expanded subgraphs of the scene graph, resulting in a sequence
of purely additive editing operations. The second variant augments this dataset
by rewriting a subset of instructions using ChatGPT, introducing a richer set of
editing types such as attribution modification, swapping, removal, etc.

Table [5] shows that while additive-only supervision (w/o aug.) yields moder-
ate results, introducing instruction diversity (w/ aug.) drives substantial gains,
specifically +0.09 in positional and +0.12 in attribute accuracy. This advantage
becomes more pronounced after self-critique fine-tuning, with the performance
gap in positional grounding widening to +0.11. This suggests that intermediate
process supervision benefits from exposing the model to varied forms of visual
reasoning, enabling it to better interpret evolving visual states and execute more
flexible and coherent edits, rather than following a single monotonic editing tra-
jectory. By internalizing non-linear transformations like swapping or removal,
the model develops a flexible reasoning behavior that mirrors real-world creative
workflows, allowing it to interpret partially formed images as adjustable states
requiring active refinement.
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Table 7: Complementary designs on intermediates states improve different
generation tasks: Instruction-intermediate conflict supervision (w/ ins.) primarily
improves semantic and spatial consistency, while Image-Instruction alignment supervi-
sion (w/ img-ins.) yields gains in visually grounding.

Case Counting Colors Position Color Attr.
Multi-turn SFT 0.61 0.84 0.66 0.62
-+ Instruction-intermediate conflict (w/ ins.) 0.62 0.85 0.71 0.65
+ mage-Instruction alignment (w/ img-ins.) 0.73 0.86 0.69 0.65
w/ ins. + img-ins. (ours) 0.75 0.87 0.72 0.69

The consistency of critique space is more important than the con-
troability. To investigate the optimal construction of intermediate critique su-
pervision, we compare two data generation strategies: Symbolic Corrections,
which derives corrections from the scene graph: we target a specific object, at-
tribute, or relation and produce a corresponding critique, and Self-Sampling,
where GPT identifies alignment conflicts within model-generated visual trajec-
tories and proposes corrective instructions

As shown in Table[6], while symbolic edits offer marginal gains, self-sampling
drives significant improvements over the multi-turn baseline, raising Color (0.87
vs. 0.82), Position (0.72 vs. 0.67), and Attribute (0.69 vs. 0.62) accuracy by
substantial margins. We attribute this improvement to the fact that self-sampling
operates in the model’s own distribution. The critique data reflects the model’s
actual failure modes and correction needs, enabling the supervision signal to be
aligned with the model’s internal reasoning dynamics.

Semantic and visual constraints address distinct failure modes and
jointly improve compositional reasoning accuracy. Table[7] demonstrates
that our two supervision mechanisms are complementary: instruction-intermediate
conflict checks (w/ ins.) mitigate instruction drift and improve positional accu-
racy by +5%, while image-instruction alignment (w/ img-ins.) sharpens grounded
reasoning, yielding a +12% boost in Counting tasks. Their combination achieves
peak performance across all metrics, confirming that enforcing correctness dur-
ing intermediate steps—rather than solely at the final output—is essential to
detect and correct inconsistencies before they propagate through reasoning.

4.5 Qualitative Evaluation

Fig. [ illustrates the reasoning trajectories produced by our process-driven gen-
eration paradigm. The first row shows that the model transforms conventional
single-pass generation into a sequence of adaptive reasoning steps, progressively
refining both the textual plan and the visual draft. The second and third rows
highlight the model’s ability to detect and correct two different types of interme-
diate errors: (1) conflicts between step-level instruction and overall prompt, and
(2) mismatches between instruction and partially generated image. These com-
plementary mechanisms enable the model to revise wrong intermediate states



Prompt Step 1

<ins>Set up a simple indoor
room scene with a wooden
floor and plain wall.</ins>
<des>The image depicts a
minimal room with a light
wooden floor, a vertical
wooden strip along the wall
and a small pile of wood
shavings on the floor.
</des>

A soft beige teddy bear
sitting upright on a wooden
floor beside a golden
retriever dog standing
attentively, both rendered in
a realistic photographic
style with natural lighting
and detailed textures.

AN

Step 2
<ins>Add a medium-sized, light brown
plush teddy bear vith a smiling face and
dark eyes, positioned on the floor in the
lower left-center foreground near the
pile of wood shavings.</ins> <des>The

image depicts a vertical strip of light

wooden paneling against a white wal

with a pile of wood shavings on the .
wooden floor ..., and now features a RN

newly added medium-sized, light brown

plush teddy bear ....</des>
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Step 3
<ins>Add a medium-sized, golden-
brown dog with upright ears and a
happy expression, positioned on the
right side of the wooden floor next to
the beige teddy bear.</ins>
<des>The image depicts a beige
teddy bear with a smiling face sitting
on 2 wooden floor near a vertical
wooden panel against a light wall,

and now also features a medium-
sized, golden-brown dog ...</des>

Prompt Step 1 Step 2 Step 3
A small bird standing on a tiled - =
e <ins>Create a simple <ins>Add a black skateboard with . r .
Setting. A black skateboard is indoor scene with a plain orange wheels, floating in the <ins>Add a small brown and .
mounted vertically on a light background.</ins> center of the scene against the white bird with a rounded body
teal wall above the bird. To the <des>The image depicts light blue wall.</ins> <des>The and short tail, positioned above
right, a framed abstract painting. | 2 blank room with a light mage depicts ..., and now features the skateboard.</ins>
featuring a large painting of blue wall and a tiled ablack skateboard with orange |8 <des>The image depicts a
| = | oamme ] <fdes> —_—
P e Lo floor. </des> | = = wheels .</des> | = == s k; by x
background hangs on the wall
Sop ke Step 3: Refining Step 4
The visual conflict in the current image is that the bird is above the "<ins>Add a small brown [ y

skateboard, which contradicts the overall prompt that states the and white bird with a <ins> Add an oiled painting of

7
bird is below the skateboard. Tounded|Bochyand short tail number seven on the right of the =7 !
The missing painting willbe acdediin the following steps, not the positioned below the wall ins> <des> The image i
7 depicts a bird standing below a
error here. skateboard </ins>
The correct instruction is <refine> Remove the bird on the above <des>The image depicts skateboard in front of the blue wall,
skateboard. Add a bird below the skateboard. <\refine> a..</des> | =A== now features a painting ... <\des> e |
e . m =
Pi iven Image with Imag;
Prompt Step 1 Step 2 Step 2: Inspecting Step 2: Refining

<ins>Create a street This generation diverges from the

"<ins>Add one zebra to
the right of the parking
meter, positioned in the

scene with a parking
meter on the left
side.</ins> <des>
The image depicts a
parking meter
</des>

prompt. The bad image contains two .

zebras instead of one, and the zebra is U
positioned behind the parking meter

rather than to the right of it. To correct

the image, <refine> remove the zebra |
behind the parking meter <\refine>

A photo of a zebra right
of a parking meter.
ins> <des>The image

i depicts a ...</des>

Fig. 4: Visualization of the interleaved reasoning trajectory in our process-
driven image generation. Each step follows the plan—sketch—inspect-refine cycle,
while inspect steps with no detected issues are omitted for brevity. The second and
third rows illustrate two types of intermediate errors: (1) conflicts between the step-level
instruction and the overall prompt, where the model revises the instruction and corrects
the image; and (2) inconsistencies between the generated draft and instruction, where
the instruction and overall prompt remain valid but the image requires refinement.

and provide a coherent context for subsequent updates. Notably, the model does
not misinterpret incomplete or yet-to-be-rendered details as errors, demonstrat-
ing its capacity to distinguish intermediate progress from true inconsistencies.

5 Conclusion

We introduce a novel process-driven interleaved reasoning paradigm that teaches
a unified multimodal model to build images stroke by stroke, decision by decision,
via a co-evolving loop of textual planning, visual sketching, self-inspection, and
refinement. Our method hinges on three breakthroughs: scene-graph subsam-
pling for contradiction-free incremental instructions, self-sampled critique traces
to learn from the model’s errors, and end-to-end training of BAGEL to autore-
gressively emit interleaved text and image tokens. We lift the public BAGEL
from 0.79 to 0.83 on GenEval and from 0.70 to 0.76 on WISE. Looking for-
ward, we will extend unified multimodal reasoning to videos and 3D space, and
enable real-time human-in-the-loop control, unlocks controllable, truthful and
interpretable image synthesis.
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