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Abstract. Multimodal generation has long been dominated by text-
driven pipelines where language dictates vision but cannot reason or
create within it. We challenge this paradigm by asking whether all modal-
ities, including textual descriptions, spatial layouts, and editing instruc-
tions, can be unified into a single visual representation. We present
FlowInOne, a framework that reformulates multimodal generation as a
purely visual flow, converting all inputs into visual prompts and enabling
a clean image-in, image-out pipeline governed by a single flow matching
model. This vision-centric formulation naturally eliminates cross-modal
alignment bottlenecks, noise scheduling, and task-specific architectural
branches, unifying text-to-image generation, layout-guided editing, and
visual instruction following under one coherent paradigm. To support
this, we introduce VisPrompt-5M, a large-scale dataset of 5 million
visual prompt pairs spanning diverse tasks including physics-aware force
dynamics and trajectory prediction, alongside VP-Bench, a rigorously
curated benchmark assessing instruction faithfulness, spatial precision,
visual realism, and content consistency. Extensive experiments show that
FlowInOne achieves state-of-the-art performance across unified generation
tasks, outperforming open-source models and rivaling competitive com-
mercial systems. These results establish FlowInOne as a strong foundation
for fully vision-centric generative modeling, where perception and creation
are unified within a single continuous visual space. Code is available at
csu-jpg.github.io/FlowInOne.github.io.

Keywords: Image Generation - Flow Matching - Vision-centric - Visual
Prompting - Instruction Following
1 Introduction

Multimodal generation has long operated under a text-dominant assumption:
language encodes intent, and vision executes it. Models such as diffusion- and
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Fig. 1: Comparison of generation paradigms. Left: Traditional T2I only uses the
text encoder to condition the Latent Diffusion Model(LDM); Middle: Traditional T12I
requires the joint conditioning of both the text and image encoders; Right: We unify
the conditions as visual input and form a simple image-in, image-out framework.

transformer-based text-to-image systems rely on linguistic embeddings as the
central conditioning source. While this design achieves impressive visual fidelity, it
introduces a fundamental asymmetry: language controls vision, but vision cannot
reason or generate on its own. This fragmentation of representation space makes
it inherently difficult to unify understanding, editing, and generation within a
single coherent model.

Recently, a growing trend of vision-centric models has emerged [49}/50L(62/64],
suggesting that textual information can be processed in a purely visual manner
by rendering text into pixel space.

These studies collectively suggest that the visual modality itself is expressive
enough to serve as the foundation for multimodal understanding. Together, these
studies show that representing language visually enables unified perception and
alignment within a single modality. Yet they remain fundamentally perception-
oriented, leaving the generative potential of this vision-first formulation largely
unexplored. This raises an important question: can we build a large model
that both reasons and generates entirely within the visual space?

Flow matching [29] provides a principled answer to this question. Compared
with diffusion, it directly learns the underlying velocity field of transformation,
offering higher sampling efficiency and stable optimization. By learning visual
flows instead of stochastic noise removal, it connects perception and generation
under a single deterministic principle.

In this work, we take a decisive step toward this goal and introduce FlowInOne,
a framework that redefines multimodal generation as a purely visual flow. In
FlowInOne, text, layout, and instruction inputs are first transformed into visual
prompts, forming the input image state. The model then learns a continuous
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transport process that evolves this state into the target visual output using flow
matching. This formulation enables a simple and general training pipeline that
eliminates noise scheduling, diffusion sampling, and task-specific condition heads.

As shown in Figure[I] FlowInOne departs from the traditional text-conditioned
pipeline. Conventional text-to-image models use text encoders (e.g., Flan-T5 [11])
to condition a latent diffusion model, while text-image-to-image setups require
two encoders for joint conditioning. In contrast, FlowInOne unifies all input
conditions as visual prompts, forming a simple image-in, image-out pipeline with
a single model. This design not only simplifies architecture but also ensures
consistent alignment between semantic content and spatial control across diverse
tasks such as text-to-image generation and visual instruction following.

To support this unified paradigm, we construct VisPrompt-5M, a large-scale
Visual Prompt Dataset that spans text-in-image generation, versatile visual
editing and physics-aware instruction following.

Each sample pairs a visual prompt canvas with its corresponding target
image, providing supervision as continuous visual evolution without task-specific
modules or auxiliary channels. We further introduce VP-Bench, a carefully curated
evaluation benchmark that assesses model performance across four dimensions:
instruction faithfulness, content consistency, visual realism, and spatial precision.

Our main contributions are as follows. i. We reformulate multimodal gen-
eration into a vision-centric image-in, image-out paradigm, eliminating
the text encoders and modality-specific bridges. ii. We propose FlowInOne, a
unified flow matching framework that models multimodal transformation as
continuous visual evolution within a shared latent space. iii. We build VisPrompt-
5M, a comprehensive dataset of visual prompts that enables unified training
and strong generalization across text-to-image, image-to-image, and instruction-
guided generation tasks. Extensive experiments demonstrate that FlowInOne
achieves state-of-the-art performance across unified generation, precise image
editing, and physics-aware instruction following, establishing a new foundation
for fully vision-centric generative modeling.

2 Related Works

Diffusion and Flow Matching. While diffusion models, from DDPM |23//52] to
LDM [47] and DiT [41], dominate image generation via progressive denoising,
Flow Matching [17,29}33,/68] learns a continuous transport map between dis-
tributions. This approach reduces reliance on complex noise schedules while
enhancing sampling efficiency and stability [16]. Building on this, FlowInOne
directly models the continuous evolution within a shared latent space, entirely
eliminating additional conditioning or noise injection.

Text- and Image-Conditioned Generation. Current T2I models [8,|42}/46,54L|72]
typically inject discrete text tokens via cross-attention [13||43], leaving con-
trol signals disjointed from the visual space. Similarly, conventional image-to-
image translation [30}/33}38,63)/71], restoration [35//55], and controllable edit-
ing [5},7,/21}271/40,/65,/69] rely heavily on adversarial frameworks |37.(73], diffusion
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priors [36], or external control channels. A common limitation across these meth-
ods is the dependence on explicit masks or task-specific interfaces for geometric
and semantic control. In contrast, FlowInOne entirely bypasses specialized con-
ditioning branches. By rendering heterogeneous constraints—such as text and
arrows, we converge multiple forms of control into a single image input, natively
aligning semantics and geometry within the visual domain.

Modal mapping. While standard diffusion models map discrete text to images
across divergent modalities |2} [6l8}/10,|14}[25L/53]/591/67,(70], inherent modality
gaps, tokenization artifacts, and reliance on Gaussian noise severely limit spatial
precision [24]. Moving beyond generic image-to-image translation [30,33,/71], we
frame generation fundamentally as an intra-modal transport problem. By
encoding both the visually-instructed input and the target image into a shared,
isomorphic latent space, we learn a direct, noise-free flow between them. This
pure single-modality mapping resolves structural mismatches at the latent level,
demonstrating exceptional scalability across diverse editing and generation tasks.

3 Dataset and Benchmark

In this section, we detail the construction of the VisPrompt-5M dataset
(Sec. and our evaluation benchmark, VP-Bench (Sec. [3.2).

3.1 VisPrompt-5M

Illustrated in Figure |2 VisPrompt-5M enables a unified image-in, image-out
paradigm. Training pairs (I,,1*) embed all textual and spatial instructions
directly into the input canvas I,. Eliminating auxiliary text channels mitigates
ambiguity and enforces strict geometric alignment, empowering a single model to
handle diverse tasks within one modality.

Fundamental Generation. We render textual prompts from text-to-image-
2M [74] and class labels from an 860K high-quality ImageNet [48| subset directly
as input canvases to match their corresponding target images.

Text-in-Image Editing. This category unifies diverse editing and condition-
to-image tasks by overlaying textual instructions directly onto the input image
canvas. Drawing from GPT-Image-Edit [58], Pico-Banana [44], and UnicEdit |66],
we filter out complex or inconsistent pairs to retain approximately 1.6M examples,
spanning a diverse range of edits including additions, deletions, and attribute/en-
vironment changes. Furthermore, we seamlessly integrate 315K structured image
pairs from PixWizard [28], which encompasses a broad spectrum of tasks includ-
ing Canny-to-image, depth-to-image, inpainting, and image restoration. In total,
this yields nearly 1.9M curated pairs where all operational intents are explicitly
embedded as visual text prompts.

Text Bounding Box Editing. For precise object insertion with explicit ge-
ometric constraints, we extract a high-quality subset of 45K examples from
GPT-Image-Edit. Leveraging the combined priors of Qwen Image Edit |60] and
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Fig. 2: VisPrompt-5M is a comprehensive dataset that comprises eight distinct data
types, including class-to-image generation, text-to-image generation, text-in-image
editing, text bounding box editing, visual marker editing, doodles editing, force un-
derstanding, and trajectory understanding. The dataset covers a wide spectrum of
image-to-image generation, ranging from basic text-in-image generation to composi-
tional editing, and further to physics-aware instruction following.

Qwen3-VL |4] to guide 121 generation, we synthesize pairs where text and bound-
ing boxes jointly dictate the target category, scale, and location. Automated
filtering via Qwen3-VL 7B ultimately retains 24K high-quality pairs.

Visual Marker Editing. Leveraging visual understanding capabilities of Qwen3-
VL, we generate 250K pairs where arrow annotations serve as salient cues without
requiring explicit object names in instruction. This subset supports operations
such as deletion, replacement, implicitly representing semantics and spatial
relationships through visual markers.

Doodles Editing. Using a two-stage synthesis pipeline with Qwen Image
Edit on 5K images crawled from the web, we first add doodles to cre-
ate input images, then transform them into photo-realistic objects to form target
images. Rigorous manual inspection mitigates generative instability, yielding 1.1K
high-quality pairs where doodle lines explicitly serve as shape priors.
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Force & Trajectory Understanding. VisPrompt-5M supports physics-aware
generation. For motion trajectories, we manually annotated the Blender-rendered
videos of car and ball movements, yielding 1.5K strictly curated image pairs. For
force understanding, we leverage the Force Prompting dataset [18] that covers
aerodynamics, oscillations, and linear motion. By extracting keyframes and
superimposing text and arrows to denote precise force magnitude and direction,
we explicitly visualize object dynamics within the input image.

Across the entire pipeline, we enforce standardized data formats while strictly
maintaining task metadata and geometric attributes. We also incorporate au-
tomated quality control measures via MLLMs to ensure semantic consistency,
visual fidelity, and visual text readability.

3.2 Benchmark and Evaluation

To evaluate our pure Image-in, Image-out paradigm, we curate VP-Bench, a com-
prehensive and manually filtered benchmark covering diverse visual instructions
(details provided in Appendix B).

Since conventional metrics like FID [22]| struggle with complex visual in-
structions, we follow recent studies [26,[32] by adopting VLMs as our primary
evaluators. A generation is deemed successful only if it simultaneously satisfies
four criteria: (1) Instruction Faithfulness, (2) Content Consistency, (3)
Visual Realism, and (4) Spatial Precision. Alongside the VLM assessment,
we conduct rigorous human evaluation based on these exact same criteria to
compute the overall pass rate. Since standard VLMs may miss implicit constraints
rendered on the image canvas, we manually extract the textual instructions and
supply them as supplementary text prompts to ensure fair assessment (refer to
Appendix F for VLM evaluation prompts).

To comprehensively evaluate visual quality and editing accuracy, we addi-
tionally tailor four quantitative metrics to our paradigm: (1) CLIP-IQA [56]
to measure overall visual realism; (2) CLIP Score [|57] to evaluate semantic
alignment, for which we directly extract the rendered text instructions from the
input image and compute their similarity with the generated image; (3) Direc-
tional CLIP Similarity [15] to assess semantic consistency in marker-based
editing, utilizing an MLLM to generate captions for both the input and generated
images, and subsequently computing the directional alignment between the image
transition and the corresponding caption pairs; and (4) DINOv3 Directional
Similarity (DINOv3 Sim) to accurately capture fine-grained spatial and physical
structural changes, by directly computing the cosine similarity of the edit dis-
placement vectors among the input, generated, and ground-truth images within
the dense DINOv3 [51] feature space.

4 Method

In this section, we first briefly review the preliminaries of Flow Matching (Sec. 4.1))
and introduce our core strategy for encoding visual instructions into a unified
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visual semantic space (Sec. [4.2)). Finally, we present the detailed architecture of
FlowInOne (Sec. , featuring a novel Dual-Path Spatially-Adaptive Modulation
mechanism to balance structural preservation and instruction adherence.

4.1 Preliminaries: Flow Matching

Flow Matching (FM) [29[33[34] formulates generative modeling as a continuous
transport from a source distribution py to a target distribution p; over ¢t €
[0,1]. Unlike traditional diffusion models [23}/52], FM does not rely on complex
noise scheduling and permits non-Gaussian source distributions, provided they
are isomorphic to the target. During training, FM constructs a differentiable
probability path z; between a sample pair (zp,z1), which directly yields the
ground-truth velocity v} for supervision:

o 8Zt

ze =tz + (1 — (1 — omin)t) 20, vf = ot

= ZzZ1 — (1 — Umin)ZO (1)
The network learns a time-dependent velocity field vg(2¢,t) by minimizing the
Mean Squared Error (MSE) against v}. In our FlowInOne framework, we explicitly
define a non-Gaussian source distribution: zy represents the latent state of the
unified visual instruction extracted via a visual encoder and text-image VAE,
while z; represents the target image latent. Since both latents are isomorphic
within a shared space, inference is intuitively performed by solving the Ordinary
Differential Equation (ODE) %t = v (z,t) from t = 0 to t = 1, deterministically

dt
evolving the visual instruction into the final target image.

4.2 Unified processing of text in visual semantic space

The inherent heterogeneity between discrete linguistic symbols and continuous
visual textures poses significant alignment challenges in flow matching. To alleviate
this, we propose a paradigm shift: rendering textual instructions and diverse
visual cues directly onto the image canvas. This explicitly preserves spatial layouts
and structural priors without relying on complex cross-modal alignment modules.

By treating text as an integral part of the visual geometry, we circumvent the
semantic fragmentation typically introduced by textual tokenizers. To extract
robust representations from this unified image I,,, we leverage the visual encoder
of Janus-Pro-1B [9]. The input is processed by a SigLIP Vision Transformer to
extract patch-level semantic features, which are then mapped into the target
embedding space via an MLP projector:

Xtuse = MLP(SigLIP(I,)) € RV*P (2)

where N is the number of patches and D denotes the embedding dimension. This
sequence, Xpuse, encapsulates both textual semantics and visual geometry.

To perform continuous flow matching, we map the unified visual tokens to a
source latent space via a text-image VAE. Rather than predicting it directly, it
parameterizes a distribution to sample the source state Zr; ~ N (ji.,, diag(62,)) €
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RAXWXC - SQymmetrically, a frozen image VAE encodes the target image into
an isomorphic latent Z;. Our generative process is thus elegantly formulated
as modeling the time-dependent velocity field that continuously transports the
source latent Zp; to the target image latent Z; within the shared latent space.

4.3 FlowInOne

Dual-Path Spatially-Adaptive Modulation. Within the unified Flow Matching
framework proposed in this work, we formulate image generation as a deterministic
trajectory evolution from a starting distribution pg to a target distribution p;.
However, due to the information compression inherent in the visual encoding stage,
the initial latent Z7; often fails to fully capture the fine-grained structural features
of the source image I;,... To address this, we introduce a Dual-Path Spatially-
Adaptive Modulation mechanism. This mechanism is designed to dynamically
compensate for the missing structural manifold while switching computational
paths based on the specific task type. As shown in Figure |3, let H) ¢ RVxP
denote the hidden state of the [-th Transformer layer, where N is the token
sequence length and D is the feature dimension. This state is first updated via a
self-attention A.e s to capture the global contextual information:

HY = LayerNorm(H®Y + A, ;(HY)) (3)

Upon obtaining the features enhanced by self-attention, the model follows
a dual-path conditional branch defined by the two different tasks. For text-
to-image generation in visual input, where no external structural prior needs
to be maintained, the model bypasses the cross-attention layer to prevent the
introduction of irrelevant noise. This ensures that the generation trajectory
strictly follows the evolution dictated by the text semantics. Conversely, for
image editing involving a source image, we employ an Image VAE Encoder to
map Iy, into the latent space, resulting in the latent z,,.. € REF*WXC_ Since z4,.
captures the visual structure of the image, we reshape it into a reference sequence
S € RVXC where N = H x W. Subsequently, the structural increment AH .y
is computed via a cross-attention mechanism, where the intermediate state HO
serves as the Query and the reference sequence S acts as the Key-Value pair:

(HOWq)(SWk) "
Vi

AH4ruet = Softmax ( ) (SWy) (4)

To achieve an optimal trade-off between source image fidelity and instruction-
following alignment, we design a lightweight adaptive gating network. By con-
catenating the current denoising state with the extracted source information,
the network predicts an anisotropic token-level weight vector A € [0,1]". This
design enables the model to identify spatial heterogeneity at a pixel-level granu-
larity—specifically, distinguishing between regions belonging to the background
manifold that require strict preservation and regions targeted for editing that
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Fig. 3: Overview of the FlowInOne architecture, a general and simple frame-
work using flow matching for continuous evolution in only one modality.
FlowInOne employs a Dual-Path Spatially-Adaptive Modulation to adapt computation
by modality. For input image rendering with only text, the structural branch is bypassed
to strictly follow semantic evolution. Conversely, for image editing, a spatially-adaptive
gated network and cross attention activates to selectively inject source priors, dynami-
cally balancing original image preservation with instruction-driven reconstruction.

require reconstruction. The derivation of the gating coefficient matrix is as follows:

A=c (MLP@ ([I:I(l) I AHstruct])) (5)

where || denotes feature concatenation along the channel axis and o represents
the Sigmoid activation function. The final layer output ngt

conditional formulation controlled by a task indicator I.g:

is integrated via a

ngt = I:I(l) + ]Iedit : (A O] AHstruct) (6)
Here, Teq;: € {0,1} is a binary indicator: for pure text-to-image inputs, Ieq; = 0,
and the modulation term is nullified to sever structural dependencies; for inputs
containing visual instruction and source images, I.4;+ = 1, activating the spatially-
adaptive refinement. By precisely controlling the infiltration of the structural
manifold via A, this method effectively mitigates editing conflicts caused by
over-preservation. Furthermore, by leveraging explicit structural compensation, it
reduces the evolution error of Flow Matching in complex image editing scenarios.

Flowing in the unified modality. We model visual instruction images to target
images as a flow matching process in a shared latent space. Given the instruction
sequence X € RNXC obtained from a unified visual encoder, a variational
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posterior is defined using a Variational Autoencoder.

qy (2] X) = N (ax, diag(o%)) @

20~ qp(z] X), 2z € RV*P.
Image-side training and sampling are conducted in a latent space: the pre-trained
and frozen VAE from LDM [47] Encipg is used to map the target image I* to
the target latent variable.

21 = Encipg(I*) € RV*P, (8)

During training, vanilla flow matching is adopted: time is sampled from ¢ ~ 2/(0, 1)
and linear interpolation is constructed in Equation [I] The instantaneous velocity
is represented by the vector field vg(z,t), minimizing

Lont = E(ag )] |v0(2,1) — (21 — 20)|5. 9)

During inference, given only the visual instruction image I, first take zg ~
¢y (-|Ey(Iy)), and then solve the ordinary differential equation. Obtaining 2, =
z1—1, the final image I= Decimg(21) is generated through the frozen image VAE
decoder. This process achieves continuous transportation from the instruction
state to the image state within a unified one-dimensional sequence modality,
avoiding additional noise scheduling and conditional branching, and maintaining
an isomorphic representation to the visual instructions.

5 Experiment Results

In this section, we first provide the implementation details of FlowInOne (Sec. [5.1)),
and then present the main results on our carefully curated VP-Bench (Sec.
Finally, we conduct ablation studies to better understand the design choices of
FlowInOne for image generation (Section .

5.1 Implementation Details

Model architecture. Based on the CrossFlow framework [31], we encode unified
image input via Janus-pro-1B [9] and a frozen LDM VAE [47], projecting them
through a stacked Transformer text-image VAE. We augment the Transformer
blocks with additional cross-attention layers. The concatenated self- and cross-
attention outputs are then fed into a lightweight network to predict spatially
adaptive weights for input feature modulation.

Training details. The 1.2B FlowInOne is initialized from CrossFlow [31] and
trained at 256 x 256 resolution for 240k steps via a balanced WebDataset [1],
optimizing a combined Flow matching, KL divergence, and CLIP contrastive loss
(see Appendix G for detailed configurations and more ablations).
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Table 1: Evaluation on the VP-Bench visual instruction benchmark using three VLM
evaluators and human judges. We use Gemini3 [19], GPT5.2 |39] and Qwen3.5 [45] to
evaluate the success ratio of FlowInOne on all kinds of visual instruction tasks. C2I:
class to image, T2I: text to image, TIE: text in image edit, FU: force understanding,
TBE: text & bbox edit, TU: trajectory understanding, VME: visual marker edit, DE:
doodles edit. Total denotes the average success rate across all sub-categories.

Method C2I T2I TIE FU TBE TU VME DE Total

Evaluator: Gemini3

Nano Banana |20 .810 .980 .521 .500 .600 .020 .537 .740 .589
Omnigen?2 |61] ‘ 720 .760 .313 .013 .020 .000 .020 .140 | .248
Kontext [26] .620 .700 .363 .027 .163 .020 .096 .180 .271
Qwen-IE-2509 |60 .680 .690 .383 .047 .060 .000 .040 .160 | .258

FlowInOne (Ours) | .890 .700 .355 .727 .302 .520 .292 .535 | .540
Evaluator: GPT5.2

Nano Banana |20 760 .960 .402 .163 .100 .020 .227 .495| .391
Omnigen?2 |61] .660 .820 .203 .001 .000 .000 .001 .160 .231
Kontext [26] 620 .690 .266 .013 .093 .000 .056 .160 | .237
Qwen-IE-2509 |60] .640 .680 .286 .040 .020 .020 .020 .140 | .231

FlowInOne (Ours) | .850 .800 .079 .500 .116 .240 .083 .465 | .392
Evaluator: Qwen3.5

Nano Banana |20 780 .960 .446 427 260 .040 .395 .760 .508
Omnigen?2 |61] 740 790 .257 .027 .020 .000 .010 .160 | .251
Kontext [26] 720 .690 .322 .020 .133 .040 .083  .140 | .269
Qwen-IE-2509 [60] 780 710 .345 .107 .060 .000 .043 .180 | .278

FlowInOne (Ours) | .859 .720 .354 .713 .272 .320 .306 .481 | .503

FEvaluator: Human

Nano Banana |20 790 .940 .372 287 .220 .020 .306 .740 | .459
Omnigen?2 |61] 720 710 .268 .013 .020 .000 .010 .120 | .233
Kontext [26] .640 .680 .317 .013 .080 .020 .048 .120 | .240
Qwen-IE-2509 |60 700 .665 .331 .047 .020 .000 .023 .160 | .243

FlowInOne (Ours) | .800 .645 .242 .705 .255 .280 .255 .400 | .449

FEvaluation metrics. We evaluate FlowInOne on a high-quality subset of VP-
Bench. Following Section we report pass rates assessed by Gemini 3 [19], GPT
5.2 [39], and Qwen3.5 |45] and compute four quantitative metrics. Additionally,
for qualitative verification, ten independent evaluators cross-checked 250 stratified
random samples (25 each) to ensure judgment reliability.

5.2 Evaluation on Image-to-image generation

State-of-the-art Comparison. We compare FlowInOne against several competitive
open-source frameworks such as OmniGen?2 [61], Qwen-Image-Edit-2509 [60], and
FLUX.1-Kontext-dev [26], as well as the commercial model Nano Banana [20].
To ensure fairness, we evaluate each baseline models through its optimal native
interface, using detailed text prompts expanded by Qwen3-VL [3] to supplement
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Table 2: Overall four-dimensional breakdown. Each dimension has a maximum
score of 5 points. IF: Instruction Faithfulness, CC: Content Consistency, VR: Visual
Realism, SP: Spatial Precision.

Gemini3 GPT5.2 Qwen3.5
IF CC VR SP|IF CC VR SP|IF CC VR SP

Nano Banana [3.43 3.10 4.43 2.99|3.28 2.78 4.06 2.86|3.30 3.01 4.43 2.94
Omnigen2 2.15 1.39 3.46 1.69|2.29 1.53 3.31 1.92|1.72 0.91 3.13 1.27
Kontext 2.31 1.62 3.15 2.25|2.40 1.71 3.25 2.21|1.97 1.87 3.11 1.76
Qwen-IE-2509(2.96 2.51 3.28 1.91|2.76 2.39 3.58 1.94|2.33 1.98 3.23 1.39
FlowInOne [3.38 2.94 3.12 3.42(3.16 2.81 2.96 3.24|3.31 2.87 3.20 3.30

Method

the image inputs. Quantitative results demonstrate that FlowInOne possesses a
significant advantage in unified generation tasks.

As presented in Table [I] FlowInOne consistently achieves the best perfor-
mance among all open-source baselines across different evaluators. Specifically,
FlowInOne obtains total success rates of 54.0%, 39.2%, 50.3%, and 44.9%
under Gemini3, GPT5.2, Qwen3.5, and Human evaluation, respectively, sub-
stantially outperforming OmniGen2, FLUX.1-Kontext-dev, and Qwen-IE-2509.
Notably, FlowInOne also remains highly competitive with the commercial model
Nano Banana, achieving the highest total score under GPT5.2 and only slightly
trailing Nano Banana under Gemini3, Qwen3.5, and Human evaluation. These
results demonstrate that FlowInOne establishes a strong open-source baseline and
approaches commercial model in the image-in, image-out generation paradigm.

Table [2| further provides a fine-grained four-dimensional analysis. FlowInOne
achieves consistently strong performance in instruction faithfulness and content
consistency, showing that it can effectively follow visual instructions while preserv-
ing the required semantic content. More importantly, FlowInOne obtains the best
spatial precision scores across all three evaluators, i.e., 3.42 under Gemini3, 3.24
under GPT5.2, and 3.30 under Qwen3.5, demonstrating its advantage in spatially
grounded image-in, image-out generation. Although Nano Banana achieves higher
visual realism, FlowInOne shows a better balance between instruction following
and spatial control, especially compared with existing open-source baselines.

Although minor discrepancies exist between MLLMs and human assessments
due to limitations in grounding fine-grained visual markers [12], the overall ranking
trends consistently align, verifying the reliability of our automated metrics.

Beyond pass rates, Table [3] further substantiates our findings. Crucially,
FlowInOne excels in fine-grained spatial and physical controls, achiev-
ing the highest average DINOv3 Sim score of 48.7% (outperforming
Nano Banana’s 47.3%), with notable margins in force & trajectory under-
standing and text bbox editing. Furthermore, in overall visual realism and
semantic alignment, FlowInOne significantly surpasses all open-source
baselines and performs comparably to the commercial model, underscor-
ing its robust generation quality and precise instruction-following capabilities.
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Table 3: Quantitative evaluation on VP-Bench across five models. CLIP-IQA is
averaged over all categories to measure overall visual realism. CLIP Score evaluates
semantic alignment for pure generation tasks. Directional CLIP Similarity assesses
instruction-driven consistency in marker-based editing. DINOv3 Similarity measures

fine-grained spatial and physical structural accuracy.

Mothod IQA 1+ CLIP Score 1 Dir CLIP 1 DINOv3 Sim 1

Total | C2I T2l Avg.| TIE VME Avg.| DE FU TBE TU Avg.
Nano Banana 0.688 [0.281 0.302 0.291|0.106 0.103 0.105|0.430 0.474 0.501 0.486 0.473
Omnigen?2 0.603 [0.173 0.208 0.191 |0.001 0.005 0.003|0.224 0.066 0.004 0.207 0.125
Kontext 0.621 |0.164 0.172 0.168|0.010 0.008 0.009 |0.283 0.240 0.118 0.004 0.161
Qwen-IE-2509 [60] | 0.646 [0.231 0.216 0.224|0.005 0.011 0.008|0.133 0.215 0.250 0.207 0.201
FlowInOne (Ours)| 0.684 |0.290 0.276 0.283[0.092 0.101 0.097 | 0.335 0.536 0.506 0.570 0.487

Y\
A2) (@
. G 9 .
Inputs Kontext OmniGen2 Qwen-Image- Nano Banana FlowInOne Ground Truth
Edit-2509 (Ours)

Fig. 4: Visual instruction editing comparison across methods.

Qualitative Comparison. Figure [f] visually compares FlowInOne and baselines
across five VP-Bench tasks: force, trajectory, text & bbox, visual marker, and
doodle editing. Unlike traditional pipelines, FlowInOne directly processes a
unified canvas containing textual instructions, spatial layouts, and visual cues
(arrows, markers, doodles). For fairness, we evaluate baselines via their optimal
native interfaces: instructions are extracted and expanded into detailed prompts
by Qwen3-VL before being provided alongside the processed image.
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Despite these enhanced prompts, baselines often fail to translate visual cues
into precise edits. In force and trajectory tasks, they struggle to convert arrows
into physically plausible motions. For text & bbox editing, they frequently violate
spatial constraints or size specifications. In marker and doodle tasks, baselines
often misinterpret localized cues as scene elements, resulting in inaccurate synthe-
sis or artifact retention. Conversely, FlowInOne accurately executes modifications
while preserving background consistency. This success confirms that our image-in,
image-out paradigm enables more reliable grounding of fine-grained spatial and
physical intents than conventional text-driven interfaces.

5.3 Ablation Studies

We conduct a series of ablation studies to validate the architectural designs of
our model. Due to computational constraints, all models are trained for 100k
steps with a batch size of 512 unless otherwise specified. To accurately reflect
model performance, the reported Pass Rate averages the Gemini and GPT
evaluations. Furthermore, we adopt a progressive strategy, building upon the
optimal configuration from each preceding part.

Table 4: Ablation study on compression method, modulation method, and training
strategy. The average scores across Gemini3 [19], GPT5.2 [39] and Qwen3.5 [45] are
used as the evaluation metric.

Method ‘GeminiT GPT1 Qwent Avg. Cross attention‘GeminiT GPT1T Qwent Avg.

MLP + truncation| 0.179  0.153 0.176 0.169 Wo CA 0.192  0.170 0.185 0.182
VAE expansion 0.169  0.147 0.155 0.157 W Dual-Path CA| 0.227 0.185 0.229 0.214
MLP -+ MLP 0.192  0.170 0.185 0.182 Dual-Path SAM 0.242 0.214 0.238 0.231

(a) Compression Method (b) Modulation Method

Train strategy‘GeminiT GPT?T Qwent Avg.

2-stage training | 0.336  0.256 0.283 0.291
Joint training 0.540 0.392 0.503 0.478

(c) Training strategy

Different compression methods. Since our model leverages pre-trained weights,
aligning the sequence length and feature dimensions of visual encoder to the
pre-trained latent space is critical. We explore three distinct compression and
mapping strategies: (1) MLP + truncation: The feature dimension is mapped
via an MLP, while the sequence length is directly truncated; (2) VAE expansion:
The number of Transformer layers in the VAE is directly increased to naturally
match dimensions within the latent space; (3) MLP + MLP: Both the sequence
length and feature dimension are projected via MLPs. As shown in Table a),
the MLP + MLP strategy performs best (18.12%). We hypothesize that simple
truncation discards critical edge information, while merely expanding VAE layers



FlowInOne 15

increases optimization difficulty. Conversely, dual MLP projection effectively
preserves the semantic and spatial structure of the input visual prompt
while maintaining pre-trained priors.

Token gated cross attention. We investigate modulation mechanisms to unify gen-
eration and editing, which exhibit distinct structural dependencies. We compare:
(1) Wo CA: self-attention only; (2) W Dual-Path CA: dual-path cross-attention
without adaptive gating; and (3) Dual-Path SAM: our proposed Dual-Path
Spatially-Adaptive Modulation. Table (b) shows that lacking cross-attention
(Wo CA) yields the poorest results (18.12%) due to insufficient utilization of
source image structural priors. Adding cross-attention improves performance
to 21.40%, while Dual-Path SAM reaches 23.1%. This demonstrates that
the adaptive mechanism balances content consistency and instruction
adherence, optimizing performance within a unified framework.

Joint training vs. two-stage training. Based on the optimal architecture described
above, we evaluate data training strategies. We compare: (1) Two stage training:
100k steps on 3M samples (T2I, C2I, coarse-grained editing), followed by 140k
steps on the remaining 2M samples; and (2) Joint training: mixing all 5M
samples for 240k steps. As Table C) shows, joint training dominates with a 47.8%
pass rate, far surpassing the two-stage approach (29.1%). Two-stage training
likely suffers from catastrophic forgetting across varying tasks. Instead, joint
training forces the model to simultaneously learn semantic generation,
geometric transformation, and physical laws within a shared visual
flow space, yielding stronger generalization and instruction adherence.

6 Conclusion

We presented FlowInOne, a unified framework that redefines multimodal genera-
tion as a purely visual flow. By embedding all modalities into a shared visual
space and learning continuous transport between visual instruction and image
states, FlowInOne achieves efficient and consistent generation across diverse tasks.
To support this paradigm, we introduced the large-scale VisPrompt-5M dataset,
enabling cross-task generalization under a single visual interface. FlowInOne
achieves state-of-the-art performance across all evaluated tasks, surpassing ex-
isting open-source models and rivaling competitive commercial systems in both
automated and human evaluations. Extensive experiments demonstrate that
FlowInOne establishes a foundation for future vision-centric multimodal models
that unify perception and generation under a single deterministic principle. We be-
lieve this work marks a step toward closing the gap between visual understanding
and creation within a continuous visual domain.
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