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Abstract

We present JanusFlow, a powerful framework that uni-
fies image understanding and generation in a single model.
JanusFlow introduces a minimalist architecture that inte-
grates autoregressive language models with rectified flow,
a state-of-the-art method in generative modeling. Our key
finding demonstrates that rectified flow can be straightfor-
wardly trained within the large language model framework,
eliminating the need for complex architectural modifica-
tions. To further improve the performance of our unified
model, we adopt two key strategies: (i) decoupling the un-
derstanding and generation encoders, and (ii) aligning their
representations during unified training. Extensive experi-
ments show that JanusFlow achieves comparable or supe-
rior performance to specialized models in their respective
domains, while significantly outperforming existing unified
approaches. This work represents a step toward more effi-
cient and versatile vision-language models.

1. Introduction
Large language models (LLMs) have demonstrated remark-

able capabilities in learning diverse knowledge and general-

izing to new scenarios [1, 7, 8, 68, 89]. Leveraging these ca-

pabilities, researchers have developed sophisticated models

specialized in image comprehension [2, 15, 46, 48, 55, 57]

and text-to-image generation [23, 72, 74, 77].

The field has recently shifted toward creating unified sys-

tems capable of handling both tasks simultaneously. One

prominent direction involves utilizing pre-trained text-to-

image models for high-quality generation while training

LLMs to generate conditions for these models [19, 25–

27, 85]. However, this approach introduces architectural

complexity and potentially constrains the model’s capabili-

ties through maintaining separate LLM and generative com-

ponents. Alternative approaches [86, 95, 97, 98, 106] pro-

pose training a single LLM for both tasks, typically incorpo-

rating either diffusion models [32, 81] or vector-quantized

autoregressive models [22, 84].

Our approach builds upon recent breakthroughs in recti-

fied flow models [3, 23, 54, 60, 61], which provide a simple

framework for generative modeling while delivering excep-

tional empirical performance [23, 36, 44]. Building on these

advances, we propose JanusFlow, a powerful unified mul-

timodal model that seamlessly integrates rectified flow with

LLM architecture. Following a minimalist design principle,

our architecture requires only a lightweight encoder and de-

coder to adapt the LLM for rectified flow operations. To

optimize JanusFlow’s performance, we implement two key

strategies: First, we maintain separate vision encoders for

understanding and generation tasks, preventing task inter-

ference and thus enhancing understanding capabilities. Sec-

ond, we align the intermediate features between generation

and understanding modules during training, strengthening

semantic coherence in the generation process.

JanusFlow shows state-of-the-art performances in both

multimodal understanding and text-to-image generation

compared to existing unified approaches, and even outper-

forms several specialized methods. Specifically, on im-

age generation benchmarks, MJHQ FID-30k [47], GenEval

[28] and DPG-Bench [34], JanusFlow achieves scores of

9.51, 0.63 and 80.09%, surpassing established text-to-

image models including SDv1.5 [75] and SDXL [72]. In

multimodal comprehension benchmarks, JanusFlow attains

scores of 74.9, 70.5 and 60.3 on MMBench [62], Seed-

Bench [45], and GQA [35], respectively, exceeding spe-

cialized models such as LLaVA-v1.5 [55] and Qwen-VL-

Chat [4]. Notably, these results are achieved with a compact

LLM architecture with only 1.3B parameters.
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(a) Benchmark Performances. (b) Visual Generation Results.

Figure 1. Multimodal understanding and image generation with JanusFlow. JanusFlow surpasses the state-of-the-art unified mul-

timodal models and several task-specific understanding models on visual understanding benchmarks. It is also capable of generating

high-quality images. The resolution of the images is 384× 384.

2. Related Work
Visual Generation with Flow-Based Generative Models.
Recent years have witnessed remarkable progress in visual

generation via diffusion models [32, 81], leading to im-

pressive models like [66, 72, 74–77]. Furthermore, flow-

based models [3, 54, 60] emerged as a simplified alternative.

These approaches have enabled advanced visual genera-

tion models [23, 36] that achieve superior performance with

faster sampling. Our work proves that rectified flow [59–

61] can be effectively integrated into LLMs, creating unified

models that excel in both of understanding and generation.

Unified Models for Understanding and Generation.
The development of multimodal large language models

(MLLMs) has enabled effective integration of text and vi-

sual information. Building upon powerful LLMs [7, 89, 90],

recent MLLMs [2, 15, 48, 55, 57, 63] have demonstrated

exceptional multimodal understanding capabilities. Current

research increasingly focuses on architectures that can si-

multaneously handle visual understanding and generation

tasks. One approach extends MLLMs with pre-trained dif-

fusion models [19, 25–27, 85, 99]. However, these sys-

tems essentially utilize diffusion models as external tools,

where the MLLM generates conditions for image genera-

tion without possessing direct generative capabilities. This

separation often results in suboptimal performance com-

pared to standalone diffusion models [25, 85]. Another

line of work [86, 95, 97, 98, 106] aim to train a single

LLM for both tasks. Many of these methods employ vector-

quantization [22, 84] to convert images into discrete tokens,

enabling unified autoregressive processing [86, 95]. While

straightforward to implement, these approaches are inher-

ently limited by their image tokenization quality.

Our work focuses on developing unified models that

combine autoregression with flow/diffusion models, lever-

aging their effectiveness in generation. Compared with sim-

ilar approaches [98, 105], JanusFlow offers three key ad-

vantages: (i) a simple yet effective generation process with

rectified flow, (ii) enhanced performance through decou-

pled vision encoders that resolve task conflicts, and (iii) im-

proved generation quality through representation alignment

regularization, enabled by our decoupled encoder design.

3. JanusFlow
3.1. Background
Multimodal LLMs. Given a dataset D containing discrete

token sequences, each of which can be formulated as x =
(x1, · · · , x�), large language models (LLMs) are trained to

model the distribution autoregressively,

log PθLLM
(x) =

�−1∑
i=0

log PθLLM
(xi+1|x1, . . . , xi), (1)

where θLLM denotes the parameters of the LLM and � is the

sequence length. After being trained on large-scale datasets,

LLMs exhibit the ability to generalize across various tasks

and follow diverse instructions [1, 8, 68]. To extend these

models to handle visual inputs, LLMs are augmented with

vision encoders [2, 55, 57]. For instance, LLaVA [57] in-

tegrates an LLM with a pre-trained CLIP [73] image en-

coder via a projection layer, transforming the extracted im-

age features into a joint embedding space. By leveraging

large-scale multimodal datasets and increasingly powerful

LLMs, this architecture has facilitated the development of

advanced multimodal models capable of addressing a wide

range of vision-language tasks [4, 46, 55, 63].

Rectified Flow. For a dataset D consisting of continuous

d-dimensional data points x = (x1, · · · , xd) drawn from an

7740



unknown data distribution π1, rectified flow [54, 60] mod-

els the data distribution by learning an ordinary differential

equation (ODE) defined over time t ∈ [0, 1]:

dzt
dt

= vθNN
(zt, t), z0 ∼ π0, (2)

where θNN represents the parameters of the neural network

and π0 is a simple distribution, typically standard Gaussian

N (0, I). The network is trained to minimize the Euclidean

distance between the neural velocity and the directions of

linear paths connecting random points from π0 and π1,

min
θ

Et∼P(t),z0∼π0,x∼π1

[
||vθNN

(zt, t)− (x− z0)||2
]
,

where zt = tx+ (1− t)z0, (3)

where P(t) is a distribution over time t ∈ [0, 1]. When

the network has sufficient capacity and the objective is per-

fectly minimized, the optimal velocity field vθ∗
NN

maps the

elementary distribution π0 to the true data distribution π1.

More precisely, the distribution of z1 =
∫ 1

0
vθ∗

NN
(zt, t)dt,

with z0 ∼ π0, follows π1. Despite its conceptual simplicity,

rectified flow has shown superior performance in various

generative modeling tasks, including text-to-image genera-

tion [23] and audio generation [39].

3.2. A Unified Framework for Multimodal Under-
standing and Generation

JanusFlow presents a unified framework designed to ad-

dress both vision understanding and image generation tasks.

Multimodal Understanding. In multimodal understand-

ing tasks, the LLM processes an input sequence consisting

of interleaved text and image data. The text is tokenized

into discrete tokens, each of which is transformed into an

embedding of dimension Demb. For the images, an image

encoder fenc encodes each image xim into a feature map of

shape Him×Wim×Denc. This feature map is flattened and

projected through a linear transformation layer into a se-

quence of embeddings with shape HimWim ×Demb. Him

and Wim are determined by the image encoder. The text

and image embeddings are concatenated to form the input

sequence to the LLM, which then autoregressively predicts

the next tokens based on the input sequence of embeddings.

According to common practice [86, 95, 98], we add special

token |BOI| and |EOI| before and after the image to help

the model locate the image embeddings in the sequence.

Image Generation. For image generation, our LLM takes a

text sequence xcon as condition and generates a correspond-

ing image using rectified flow. To improve computational

efficiency, generation occurs in the latent space of the pre-

trained SDXL-VAE [72].

The generation process begins by sampling Gaussian

noise z0 of shape Hlatent ×Wlatent ×Dlatent in the latent

space, which is then processed by a generation encoder genc

into a sequence of embeddings HgenWgen×Demb. This se-

quence is concatenated with a time embedding representing

the current time step t (t = 0 at the beginning), resulting

in a sequence of length HgenWgen + 1. Unlike previous

approaches that employ various attention masking strate-

gies [98, 106], we found that causal attention suffices, as

our preliminary experiments showed no performance ben-

efits from alternative masking schemes. The LLM’s out-

put corresponding to z0 is transformed back into the latent

space by a generation decoder gdec, producing a velocity

vector of shape Hlatent × Wlatent × Dlatent. The state is

updated by a standard Euler solver,

zt+dt = zt + v(zt, t)dt, (4)

where dt is a user-defined step size. We replace z0 with zdt
on the input and iterate the process until we get z1, which is

then decoded into the final image by the VAE decoder. To

enhance generation quality, we employ classifier-free guid-

ance (CFG) when computing the velocity:

v(zt, t) = wv(zt, t | xcon) + (1− w)v(zt, t | ∅), (5)

where v(zt, t | ∅) denotes the velocity inferred without text

conditioning and w ≥ 1 controls the magnitute of CFG.

Empirically, increasing w yields higher semantic align-

ment [23, 61, 72, 75]. Analogous to multimodal under-

standing, we prepend the special token |BOI| to indicate

the start of image generation in the sequence.

Decoupling Encoders for the Two Tasks. Previous ap-

proaches that unify autoregressive generation and diffusion

models within a joint LLM training framework [98, 106]

employ identical encoders (fenc and genc) for both of the

tasks. For instance, Zhou et al. [106] performs both tasks in

the same VAE latent space using a shared U-Net or linear

encoder, while Xie et al. [98] leverages MAGVIT-v2 [100]

to encode image patches into discrete tokens for both tasks.

However, recent work on unified autoregressive models

has shown this shared encoder design to be suboptimal [95],

particularly in models that generate images through au-

toregression on vector-quantized tokens. Drawing from

these insights, JanusFlow adopts a decoupled encoder de-

sign. Specifically, we employ a pre-trained SigLIP-Large-

Patch/16 [104] model as fenc to extract semantic continuous

features for multimodal understanding, while using separate

ConvNeXt blocks [94] initialized from scratch as genc and

gdec for generation, chosen for its effectiveness. Follow-

ing established practices [5, 14, 91], we incorporate a long

skip connection between genc and gdec. Ablation studies

in Sec. 4.5 demonstrate that this decoupled encoder design

significantly improves the performance of our model. The

complete architecture of JanusFlow is illustrated in Fig. 2.

3.3. Training Schemes
As illustrated in Fig. 3, we train our model in three sequen-

tial stages, detailed below.
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Figure 2. Architecture of the proposed JanusFlow. For visual understanding, the LLM performs autoregressive next-token prediction

to generate responses. For image generation, the LLM employs images with rectified flow. Starting from Gaussian noise at t = 0, the

LLM iteratively updates zt by predicting velocity vectors until reaching t = 1. We omit the VAE encoder, the skip connection leveraged

in generation and the linear layer after fenc for simplicity.

Stage 1: Adaptation of Randomly Initialized Compo-
nents. In the first stage, we focus on training only the ran-

domly initialized components: the linear layers, generation

encoder, and generation decoder. This stage serves to adapt

these new modules to work effectively with the pre-trained

LLM and SigLIP encoder, essentially functioning as an ini-

tialization phase for the newly introduced components.

Stage 2: Unified Pre-Training. Following the adaptation

stage, we train the entire model except for the visual en-

coder, consistent with previous approaches [57, 63]. The

training incorporates three data types: multimodal under-

standing, image generation, and text-only data. We ini-

tially allocate a higher proportion of multimodal under-

standing data to establish the model’s understanding capa-

bilities. Subsequently, we increase the ratio of image gen-

eration data to accommodate the convergence requirements

of diffusion-based models [18, 71].

Stage 3: Supervised Fine-Tuning (SFT). In the final stage,

we fine-tune the pre-trained model using instruction tun-

ing data, which comprises dialogues, task-specific conver-

sations, and high-quality image generation examples. Dur-

ing this stage, we also unfreeze the SigLIP encoder parame-

ters [63, 88, 95]. This fine-tuning process enables the model

to effectively respond to user instructions for both multi-

modal understanding and image generation tasks.

3.4. Training Objective
Training JanusFlow involves two types of data, multimodal

understanding data and image generation data. Both types

of data contain two parts: “condition” and “response”.

“Condition” refers to the prompting of the tasks (e.g. text

prompts in the task of generation and images in the task of

understanding) while “response” refers to the correspond-

ing responses of the two tasks. The data can be formatted as

x = (xcon, xres), where the superscript con denotes “con-

dition” and res denotes “response”. We denote the length of

the whole sequence x as �, the length of xcon as �con and the

length of xres as �res. We use θ to represent the collection

of all the trainable parameters in JanusFlow, including the

LLM, fenc, genc, gdec and the linear transformation layers.

Autoregression Objective. For mutimodal understanding

tasks, xres contains only text tokens. JanusFlow is trained

using the maximum likelihood principle,

LAR(θ) = −Ex∼Dund[
�−1∑

i=�con

log Pθ (xi+1|x1, . . . , xi)

]
, (6)

where the expectation is taken over all (xcon, xres) pairs

in our multimodal understanding dataset Dund, computing

loss only over tokens in xres.

Rectified Flow Objective. For image generation tasks,

xcon consists of text tokens and xres is the corresponding

image. JanusFlow is trained with the RF objective,

LRF (θ) = Ex∼Dgen,t∼P(t),z0∼N (0,I)[
||vθ(zt, t | xcon)− (xres − z0)||2

]
, (7)

where zt = txres + (1 − t)z0. Following Stable Diffusion

3 [23], we set the time distribution P(t) to the logit-normal

distribution. To enable CFG inference, we randomly drop

10% of the text prompts in training.

Representation Alignment Regularization. Recent

work [101] has shown that aligning intermediate represen-

tations between diffusion transformers and semantic vision

encoders enhances diffusion model generalization. Our de-

coupled vision encoder design enables efficient implemen-

tation of this alignment. Specifically, for generation tasks,
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Figure 3. Three training stages of JanusFlow. The trainable modules are with flame and the frozen modules are with snowflakes.

we align features from the understanding encoder fenc with

the LLM’s intermediate features,

LREPA(θ, φ) = −Ex∼Dgen

[sim (stop grad(fenc(x
res)), hφ(qθ(zt)))] , (8)

where qθ(zt) denotes an intermediate LLM representation

given input zt, and hφ is a small trainable MLP that projects

qθ(zt) to dimension Denc. The function sim(·, ·) computes

the mean of element-wise cosine similarity between embed-

dings. Before computing the loss, we reshape hφ(qθ(zt)) to

Hgen × Wgen × Denc. To simplify the implementation,

we intentionally adjust the configuration of genc and gdec
to ensure Hgen = Him and Wgen = Wim. The gradient

of LREPA is not back-propagated through the understand-

ing encoder. This alignment loss helps the LLM’s internal

feature space (given noisy input zt) align with the under-

standing encoder’s semantic feature space, thereby improv-

ing generation quality when producing images from new

random noise and text conditions during inference.

Summary. All three objectives are applied across all train-

ing stages. Multimodal understanding tasks use LAR, while

image generation tasks employ the loss of LRF + LREPA.

The losses are directly summed with ratio 1 : 1 : 1.

4. Experiments
4.1. Experiment Setup and Implementation Details
JanusFlow builds upon the LLM of DeepSeek-LLM

(1.3B) [7, 31]. The LLM consists of 24 transformer blocks

and supports a sequence length of 4, 096. In our model, both

understanding and generation exploits images of resolution

384. For multimodal understanding, we use SigLIP-Large-

Patch/16 [104] as fenc. For image generation, we utilize

the SDXL-VAE [72] for its latent space. Table 1 details the

hyper-parameters for each training stage. In the alignment

regularization, we use the LLM features after the 6-th block

as qθ(zt) and a 3-layer MLP as hϕ. More implementation

details refer to the appendix.

Table 1. Hyper-parameters of the training stages of Janus-
Flow. Data ratio denotes the proportion of multimodal under-

standing data, image generation data and text-only data. In the ini-

tial 10, 000 steps of Stage 2, we apply a data ratio of 30 : 50 : 20
to boost the understanding ability.

Stage 1 Stage 2 Stage 3

Learning Rate 1.0 × 10−4 1 × 10−4 2.0 × 10−5

LR Scheduler Constant Constant Constant
Weight Decay 0.0 0.0 0.0
Gradient Clip 1.0 1.0 1.0
Optimizer AdamW (β1 = 0.9, β2 = 0.95)
Warm-up Steps 2, 000 2, 000 1, 000
Training Steps 10, 000 380, 000 26, 000
Batch Size 512 512 256
Data Ratio 50 : 50 : 0 14 : 80 : 6 21 : 70 : 9

4.2. Training Data Settings

Data for Stage 1 and Stage 2. The first two stages of

our framework uses three types of data: multimodal under-

standing data, image generation data and text-only data.

1. Multimodal Understanding Data. This type of data

contains several sub-categories: (a) Image caption data.

We incorporate caption datasets from [20, 40, 49, 50,

52, 80] and generate additional captions for images from

[16, 42] using open-source multimodal understanding

models. The names of the datasets are provided in the

supplementary materials. The data follows template for-

mats, e.g. “<image>Generate the caption of
this picture. <caption>”. (b) Charts and

tables. We directly adopt the chart and table data

from the training data of DeepSeek-VL [63]. (c) Task

data. ShareGPT4V [11] data is utilized to facilitate ba-

sic question-answering capabilities during pre-training,

structured as “<image><question><answer>”.

(d) Interleaved text-image data. This sub-category is

sourced from [41, 82].

2. Image Generation Data. Our image generation dataset

combines high-quality images from [16, 21, 40, 42, 67,

70, 80, 83] and 2 million in-house data. We enhance

them with machine-generated captions using multimodal

7743



understanding models. We filter the images in [16, 80]

with aspect ratios and aesthetic scores, retaining approx-

imately 20% of the original datasets. 25% of the data

contains single-sentence captions. These kind of data as-

sist the model to be able to process short prompts. All the

data points are formatted as “<prompt><image>”.

3. Text-Only Data. We directly use the text corpus of

DeepSeek-LLM [7] without modification.

Data for Stage 3. The SFT stage also uses three types:

1. Multimodal Instruction Data. We leverage the instruc-

tion tuning datasets from [29, 33, 35, 46, 64, 78].

2. Image Generation Data. We reformat the high-

quality text-image pairs from [16, 80, 83] into an

instruction format: “User:<user prompt>\n\n
Assistant:<image>”.

3. Text-Only Data. We directly incorporate the text-only

data from [46] without modification.

4.3. Evaluation Settings
Image Generation. We evaluate the generated images us-

ing both visual quality and semantic accuracy metrics. For

quality assessment, we employ the Fréchet Inception Dis-

tance [30] (FID) metric and compute FID between 30, 000
generated images and their corresponding reference images

from the MJHQ dataset [47]. The FID computation fol-

lows the implementation from GigaGAN [38]. To evalu-

ate semantic accuracy, we utilize two benchmarks: GenEval

[28] and DPG-Bench [34]. These frameworks are designed

to assess whether the generated images accurately contain

the objects and relationships specified in the input prompts,

providing a broad evaluation of the generation capabilities.

Multimodal Understanding. We evaluate JanusFlow’s

multimodal understanding abilities across a diverse set of

vision-language benchmarks including POPE [51], MME

[24], MMBench [62], SEEDBench [45], VQAv2 [29], GQA

[35], MM-Vet [102], MMMU [103], ChartQA[69] and

TextVQA[79].

4.4. Quantitative Results
Image Generation Performances. We report the per-

formances on GenEval, DPG-Bench and MJHQ FID-30k.

In Tab. 2, we give comparisons on the overall scores of

GenEval and DPG-Bench. The detailed scores of all the

sub-tasks refer to the appendix. JanusFlow achieves an

overall score of 0.63 on GenEval, surpassing the previous

unified framework and several generation specific models

including SDXL [72] and DALL-E 2 [74]. The results on

GenEval and DPG-Bench demonstrate the ability of instruc-

tion following of our model. We give the comparisons on

MJHQ FID-30k in Tab. 3. The images which are sampled to

calculate FID are generated with a CFG factor w = 2 and a

number of sampling steps 30. We sweep the CFG factor and

the sampling steps and provide the results in the appendix.

Table 2. Performances on GenEval and DPG-Bench. “Gen.”

denotes “generation” while “Unified” denotes unified understand-

ing and generation models. Models using external pre-trained gen-

erative models are signed with †

Type Method Params GenEval↑ DPG↑

Gen. Only

LlamaGen [84] 0.8B 0.38 -
LDM [75] 1.4B 0.37 -
SDv1.5 [75] 0.9B 0.43 63.18
PixArt-α [9] 0.6B 0.48 71.11
SDv2.1 [75] 0.9B 0.50 -
DALL-E 2 [74] 6.5B 0.52 -
Emu3-GEN [93] 8B 0.54 80.60
SDXL [72] 2.6B 0.55 74.65
IF-XL [17] 4.3B 0.61 -
DALL-E 3 [6] - 0.67 83.50
Lumina-Next [108] 2B - 74.63
Playground v2.5 [47] 2.6B - 75.47
Hunyuan-DiT [53] 1.5B - 78.87
PixArt-Σ [10] 0.6B - 80.54

Unified

Chameleon [86] 34B 0.39 -
LWM [58] 7B 0.47 -

SEED-X† [27] 17B 0.49 -
Show-o [98] 1.3B 0.53 -
Janus [95] 1.3B 0.61 -
Transfusion [106] 7.3B 0.63 -
JanusFlow 1.3B 0.63 80.09

Table 3. Results of MJHQ FID-30k. The models which have

similar scales to our model are marked with blue background.

JanusFlow achieves the best FID among 1.3B models.

Method Params FID↓
LWM [58] 7B 17.77
VILA-U 256 [97] 7B 12.81
VILA-U 384 [97] 7B 7.69
Show-o [98] 1.3B 15.18
Janus [95] 1.3B 10.10
JanusFlow (Ours) 1.3B 9.51

Our method achieves the best performance among all the

models with 1.3B LLM. The results prove that the rectified

flow is able to improve the quality of generated images over

autoregressive models such as Janus [95].

Multimodal Understanding Performances. We show

comparisons of our method and other methods including

understanding-specific models and unified models in Tab. 4.

Our results demonstrate that our method harmonizes autore-

gressive LLM and rectified flow, achieving satisfying per-

formance in both understanding and generation.

4.5. Ablation Studies
We conduct comprehensive ablation studies to validate the

effectiveness of our key design choices. For computa-

tional efficiency, all ablation experiments are performed on

256×256 resolution images1. All models are trained on our

unified pre-training dataset for 50, 000 iterations, except for

the understanding-only and generation-only variants, which

are trained for proportionally fewer iterations based on their

respective data ratios in the pre-training phase. The quanti-

tative results of are presented in Tab. 5.

1The understanding encoders in the 256× 256-based ablation studies

is also SigLIP-Large-Patch/16 which is pre-trained on 256× 256 images.
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Table 4. Comparison with other methods on multimodal understanding benchmarks. “Und.” denotes “understanding” and “Unified”

denotes unified understanding and generation models. The models employing external pre-trained generative models are marked with †.

The models with LLMs which have similar number of parameters to us are marked with blue background under the line of dashes.

Type Model LLM Param POPE MME-P MMBdev SEED VQAv2test GQA MMMU MM-Vet ChartQA TextVQA

Und. Only

MobileVLM [12] 2.7B 84.9 1288.9 59.6 - - 59.0 - - - 47.5
MobileVLM-V2 [13] 2.7B 84.7 1440.5 63.2 - - 61.1 - - - 57.5
LLaVA-Phi [107] 2.7B 85.0 1335.1 59.8 - 71.4 - - 28.9 - 48.6
LLaVA [57] 7B 76.3 809.6 38.7 33.5 - - - 25.5 - -
LLaVA-v1.5 [55] 7B 85.9 1510.7 64.3 58.6 78.5 62.0 35.4 31.1 - 58.2
InstructBLIP [15] 7B - - 36.0 53.4 - 49.2 - 26.2 - 50.1
Qwen-VL-Chat [4] 7B - 1487.5 60.6 58.2 78.2 57.5 - - 66.3 61.5
LLaVA-NeXT [56] 7B - 1519.3 - - - - 35.1 - 54.8 -
Qwen2-VL [92] 7B - - - - - - 54.1 62.0 83.0 84.3
IDEFICS-9B [43] 8B - - 48.2 - 50.9 38.4 - - - 25.9
Emu3-Chat [93] 8B 85.2 - 58.5 68.2 75.1 60.3 31.6 - 68.6 64.7
InstructBLIP [15] 13B 78.9 1212.8 - - - 49.5 - 25.6 - 50.7
LLaVA-v1.5-Phi-1.5 [98] 1.3B 84.1 1128.0 - - 75.3 56.5 30.7 - - -
MobileVLM [12] 1.4B 84.5 1196.2 53.2 - - 56.1 - - - 41.5
MobileVLM-V2 [13] 1.4B 84.3 1302.8 57.7 - - 59.3 - - - 52.1

Unified

Gemini-Nano-1 [87] 1.8B - - - - 62.7 - 26.3 - 53.6 62.5
LWM [58] 7B 75.2 - - - 55.8 44.8 - 9.6 - -
VILA-U [97] 7B 85.8 1401.8 - 59.0 79.4 60.8 - 33.5 - 60.8
Chameleon [86] 7B - - - - - - 22.4 8.3 - -

DreamLLM† [19] 7B - - - - 72.9 - - 36.6 - 41.8

LaVIT† [37] 7B - - - - 66.0 46.8 - - - -

Emu† [85] 13B - - - - 52.0 - - - - -

NExT-GPT† [96] 13B - - - - 66.7 - - - - -
Show-o [98] 1.3B 73.8 948.4 - - 59.3 48.7 25.1 - - -
Janus [95] 1.3B 87.0 1338.0 69.4 63.7 77.3 59.1 30.5 34.3 - -
JanusFlow (Ours) 1.3B 88.0 1333.1 74.9 70.5 79.8 60.3 29.3 30.9 64.6 55.5

Table 5. Ablation studies. The weights of the modules with † are frozen during training. “Exp.” denotes “experiment”. “FID” in this

table is MJHQ FID-10k with CFG factor w = 7.5 and 30 steps. “CLIP” denotes CLIP similarity with the backbone of CLIP-ViT-Large-

Patch/14. Exp. F is the final configuration for training JanusFlow.

Exp. ID Model Setting Train. Iter. Evaluation Benchmarks
REPA Und. Modules Gen. Modules Type POPE↑ VQAv2val ↑ GQA↑ FID↓ CLIP ↑

A × SigLIP VAE†+ConvNeXt Unified 50,000 82.40 69.62 54.43 19.84 24.94

B � Shared VAE†+ConvNeXt Unified 50,000 78.13 53.94 44.04 18.05 26.38

C � VAE+ConvNeXt VAE†+ConvNeXt Unified 50,000 75.30 55.41 44.44 17.53 26.32

D � SigLIP - Und. Only 13,000 85.03 69.10 54.23 - -

E � - VAE†+ConvNeXt Gen. Only 37,000 - - - 16.69 26.89

F � SigLIP VAE†+ConvNeXt Unified 50,000 84.73 69.20 54.83 17.61 26.40

Impact of Representation Alignment. The comparison

between Exp. A and F demonstrates the significant ben-

efits of incorporating representation alignment regulariza-

tion [101] during training. Specifically, models trained

with representation alignment show notably lower MJHQ

FID and higher CLIP scores, indicating simultaneous im-

provements in both image quality and semantic alignment.

Importantly, our architecture differs from previous stud-

ies [65, 71] examined in [101] due to our incorporation of

LLM and an additional skip connection between genc and

gdec. The effectiveness of representation alignment in our

modified architecture suggests its broad generalization ca-

pability across different network structures.

Impact of Decoupling Visual Encoders. e efficacy of us-

ing powerful pre-trained visual encoders in multimodal un-

derstanding. The comparison among Exp. B, C, and F

demonstrates the advantages of using separate visual en-

coders for understanding and generation tasks. In Exp. B,

following a design similar to Transfusion [106], we im-

plement shared ConvNeXt blocks in the SDXL-VAE la-

tent space for both understanding and generation encoders.

Exp. C employs separate encoders with identical archi-

tectures and initialization parameters, but trained indepen-

dently. The performance differences between these config-

urations validate the necessity of decoupled visual encoders

in improving our unified model’s capabilities. Moreover,

the superior results in Exp. C and F highlight the benefits

of leveraging pre-trained semantic visual encoders for mul-

timodal understanding tasks.

Fair Comparison with Understanding / Generation-
Only Models. To establish meaningful benchmarks, we

evaluate task-specific models trained under identical condi-

tions - using the same pre-training data and infrastructure.

Exp. D and E represent the specialized models, trained with

data volumes matching the unified model in Tab. 5. The

minimal performance gap between Exp. F and these task-
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A corgi’s head depicted as an explosion of a 
nebula, with vibrant cosmic colors like deep 
purples, blues, and pinks swirling around. 
The corgi’s fur blends seamlessly into the 

nebula, with stars and galaxies forming the 
texture of its fur. Bright bursts of light 

emanate from its eyes, and faint 
constellations can be seen in the background, 
giving the image a surreal, otherworldly feel.

Beautiful surreal symbolism the 
mesmerizing vision of a Cleopatra Queen 
of Egypt, mesmerizing brown eyes, black 

hair and ethereal features, radiating 
celestial aura, super high definition, true 

lifelike color, perfect exposure, razor sharp 
focus, golden ratio, soft reflections, bokeh 

effect, fine art photography, cinematic 
compositing, authentic, professional.

A lone figure in dark robes ascends 
worn stone steps toward a glowing light 

in an ancient temple entrance. Ornate 
arches, lush greenery, and intricate 
carvings adorn the scene, evoking a 
mystical, high-fantasy atmosphere 
reminiscent of works by artists like 

Randy Vargas, with cinematic lighting 
and epic storytelling.

Figure 4. Image generation results of JanusFlow, which can generate high-quality images that are semantically aligned to text prompts.

User: What are the kinds of fruits in this picture?

JaunsFlow (Ours): The fruits in the picture are banana, 
strawberry, mango, persimmon, blueberry, and lime.

User: Describe this image.

JaunsFlow (Ours): Kid's 
Favourite Fruits is a bar graph. 
The x-axis shows the fruits. The 
y-axis shows the number of kids 
who like the fruit. The orange is 
the most popular fruit. The 
banana is the least popular fruit.

User: How many penguins in the picture?

JaunsFlow (Ours): There are 11 penguins 
in the picture.

Figure 5. Visual Understanding with JanusFlow. Our model effectively handles various visual understanding tasks, such as question

answering, plot interpretation, and object counting.

specific baselines demonstrates that our framework success-

fully integrates understanding and generation without sig-

nificant compromise in either task’s performance.

4.6. Qualitative Results
We present qualitative evaluations of our method for both

image generation and understanding tasks. Fig. 1b and

Fig. 4 showcases the image generation capabilities of Janus-

Flow. These results demonstrate both the high visual qual-

ity of our generated images and our framework’s ability

to faithfully follow diverse instructions. For multimodal

understanding, Fig. 5 presents example conversations that

show our model’s understanding capabilities across various

scenarios. These interactions demonstrate the model’s abil-

ity to understand and reason about visual content in natu-

ral language dialogues. Additional qualitative examples of

JanusFlow are provided in the appendix.

5. Conclusion
We present JanusFlow, a unified framework that success-

fully harmonizes autoregressive and rectified flow mod-

els for multimodal understanding and generation tasks.

Our extensive experiments demonstrate that this unification

achieves comparable performance to task-specific models.

The successful integration of these fundamentally different

model architectures not only addresses current challenges

in multimodal learning but also opens new possibilities for

future research in training unified models.
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