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Abstract

The rapid progress of large language models (LLMs) has catalyzed the emergence
of multimodal large language models (MLLMs) that unify visual understanding
and image generation within a single framework. However, most existing MLLMs
rely on autoregressive (AR) architectures, which impose inherent limitations on
future development, such as the raster-scan order in image generation and restricted
reasoning abilities in causal context modeling. In this work, we challenge the
dominance of AR-based approaches by introducing FUDOKI, a unified multimodal
model purely based on discrete flow matching, as an alternative to conventional AR
paradigms. By leveraging metric-induced probability paths with kinetic optimal
velocities, our framework goes beyond the previous masking-based corruption
process, enabling iterative refinement with self-correction capability and richer
bidirectional context integration during generation. To mitigate the high cost of
training from scratch, we initialize FUDOKI from pre-trained AR-based MLLMs
and adaptively transition to the discrete flow matching paradigm. Experimental
results show that FUDOKI achieves performance comparable to state-of-the-art
AR-based MLLMs across both visual understanding and image generation tasks,
highlighting its potential as a foundation for next-generation unified multimodal
models. Furthermore, we show that applying test-time scaling techniques to
FUDOKI yields significant performance gains, further underscoring its promise for
future enhancement through reinforcement learning.

1 Introduction

Driven by the rapid progress of large language models (LLMs) [1H5]], a new wave of large-scale
multimodal models has emerged, delivering remarkable advances in the two fundamental pillars
of artificial general intelligence (AGI): understanding [6H10]] and generation [[11H15]]. Building on
this momentum, a growing body of work [16H25]] seeks to unify perception and synthesis within a
single framework, introducing versatile multimodal large language models (MLLMs) that seamlessly
integrate visual understanding with image generation.

In prior research, most MLLMs adopt the autoregressive (AR) architecture of standard LLMs,
processing multimodal tokens sequentially from left to right for both understanding and generation
tasks [26,27]]. While these MLLMs deliver strong performance across many multimodal tasks, their
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Generation Understanding

@ Spatial Relation

[ ] Question: What is the relation between
the couch and the coffee table in the
living room?

A. The couch is on top of the coffee table

B. The coffee table is in front of the couch

C. The coffee table is behind the couch

D. The couch and the coffee table are not related

Answer: The coffee table is in front of the couch.

P i Future Prediction
A beautiful modern wooden A

house, close to the lake, in the
mountains at sunrise, anime style

Hyper-realistic photo of an abandoned
industrial site during a storm Q ion: What is the anticif |
outcome in this image?

A. He will be released from the police station

B. He will escape from the police station

C. He will be arrested and taken to the police station
D. He will be visiting the police station voluntarily

Answer: The image shows a person being escorted by police
officers, with the person’s hands behind their back. This
indicates that the person has been arrested and is being taken
to the police station. Therefore, the correct answer is C. He will
be arrested and taken to the police station.

Scene Understanding

fl Question: What is the main event that is
happening in the image?

Automobile design drawings, sketch Portrait of a beautiful girl, neon

A. An award show B. A concert performance
C. A graduation ceremony D. A sporting event

Answer: The main event happening in the image is a
graduation ceremony. This is evident from the individuals
wearing graduation caps and gowns, and the presence of a
large audience in a stadium-like setting, which is typical for
graduation perfori cer i

Instance Counting
Question: How many people are sitting
in the background of the image?

A. None B. One C. Three or more D. Two
Answer: C. Three or more

. Physics
7.\7:.:\-. Question: What is the transformation in
this image?

A. The water will freeze

B. The water will remain liquid

C. The water will evaporate

D. The water will condense

Answer: The image shows a container of water being heated,
with blue spheres repr ing lecul ing from the
liquid to the gas phase. This process is known as boiling
products, which transitions from a liquid to a gas state.
Therefore, the correct answer is C. The water will evaporate.

Figure 1: Qualitative Results of Visual Generation and Understanding Capabilities of FUDOKI. FUDOKI
is designed based on the framework of discrete flow matching for both visual and textual modalities, capable of
performing understanding and generation simultaneously under one unified paradigm.

inherent AR design’s limitations have become increasingly apparent as shown in recent studies,
such as weaker performance in complex reasoning [28-30], challenges in future planning [31]],
and difficulties with self-correction [32]. These shortcomings are particularly critical for emerging
domains such as embodied Al and autonomous agents, where complex reasoning and deep contextual
understanding are essential. This prompts a fundamental question for the future of AGI development:
what architectural paradigm could define the next generation of MLLMs?

To this end, discrete-space generative flow and diffusion models have gained attention as a promising
alternative for generative modeling. These models have seen success in the domain of text gener-
ation [33138]], protein design [39], image synthesis [37, [38]], and code generation 37, 40]]. Unlike
sequential autoregressive models, these models usually begin with a fully corrupted sequence and
iteratively denoise the entire sequence in parallel, which allows richer integration of information



from both directions to enhance prolonged reasoning. Moreover, these models enable exible and
controllable generation through their inherent iterative re nement process, while offering the potential
for accelerated sampling via novel training desighB#3]. Recent studies like LLaDA44] and

Dream H5] have also scaled discrete diffusion models to 7B parameters, further highlighting their
growing potential to overcome the fundamental limitations of autoregressive approaches.

To advance the application of discrete generative ow modeling and challenge the dominance of the
AR-based paradigm in MLLMs, we present FUDOKI, a uni ed multimodal model purely based on
discrete ow matchingDifferent from previous diffusion-based uni ed multimodal modé&€{48|
focusing solely on the case of masking as a corruption process, we adopt the novel framework of
discrete ow matchingl37, 38], which substantially expanded the design space of discrete-space
generative models by enabling metric-induced probability paths with kinetic optimal velocities. This
design enables better performance than masked constru88pard allows models to continuously
self-correct their responses during the iterative re nement process. Moreover, to mitigate the high
training cost of training large discrete ow matching models for multimodal tasks, we leverage the
pre-trained AR-based MLLMZQ] as the initialization and adaptively transfer it to the discrete ow
matching paradigm [49].

The contributions of this paper can be summarized as follows: 1) We introduce FUDQ&Irst
general-purpose uni ed multimodal model built entirely on discrete ow matching. Unlike traditional
approaches that rely on masking-based corruption, FUDOKI leverages a metric-induced probability
path with kinetically optimal velocities, expanding the design space of discrete multimodal modeling
and offering advantages during inference; 2) Through extensive experiments, we show that FUDOKI
achieves competitive performance on both visual understanding and text-to-image generation tasks,
rivaling autoregressive-based MLLMs; 3) We apply test-time inference scaling techniques to FUDOKI
inspired by pQ], which yield substantial improvements across visual generation and understanding
benchmarks. This suggests strong potential for future enhancement of FUDOKI via reinforcement
learning [L, 51]. We believe that FUDOKI provides a compelling foundation for the development of
next-generation uni ed multimodal models.

2 Preliminary: Discrete Flow Matching

In this section, we present key concepts and notations in discrete ow mat@ihtp[facilitate
understanding in the following sections. Generally speaking, the objective of discrete ow matching
is to approximate the target underlying data distributiq) from the source known distribution
p(x), wherex = ( x1;x?;:::;xP) belongs to the discrete spase= TP, whereD is the number of

Probability Paths. Given asource distributiorp(x) and atarget distributiong(x) de ned over a
nite state spaces, discrete ow matching de nes a family of time-indexed probability distributions
fpt(X)Gi20;1) to describe a smooth gansformation frgmto q, referred to agprobability paths

Eachp(x) is constructed agx (x) =, ,5 Pt(X] xlbq(xl), where the conditional distribution
is factorized across dimensions, namplx j x1) = -, p(x' j x};). Here, eachp (x' j x})
de nes a univariate interpolation between a base distribys{eth) and a point mass,; (x",i.e,
« (x') =1 if x' = xj else0. A common design for such interpolations is théture path de ned

via a time-dependent schedulgi(x}) 2 [0; 1]:

p(x X)) =@ )P+ (X)) i (X); 1)
where () =0 and 1() = 1. This class of paths recovers the masked data construction when
p(x') = m(x") with m denoting themasktoken, which are widely used in previous studigs, [36).

Probability Velocities. To simulate the generative process that evolves along the prescribed path
f Pt (X) G2 [0:15, We consider a continuous-time Markov chain (CTM®&)g;» [o;1) over the discrete

spaceS, such thatx; . Speci cally, we describe this CTMC viarobability velocityu! ( ; X;)

4,1 & (FUDOKI) is a Japanese term referring to ancient records that comprehensively document and

integrate the culture, geography, and traditions of different regions. We name ourRuid@eK] to highlight
its uni ed ability to both understand and generate multimodal information, such as interpreting and generating
diverse images, mirroring how the origirfdUDOKI integrates and presents multifaceted knowledge.



(also known as the rate matrix), describing the rate of probability change iafits i-th token.
Reminiscent of the velocity eld in the continuous Flow Matchim@[41], discrete ow matching
features the following de nition:
De nition 1. A probability velocityu is said to generate the probability pahif, for all t 2 [0; 1)
and for any samplg;  p, the updated samplg. ,, xi () + hui(;x¢) for each coordinate
satis es the condition that;., p+n + o(h)>ash! 0.
Besides, the probability velocity; should satisfy the followingate condition
X o . . .
u(x';z)=0; and ui(x';z) 0 8 2[D]; x' 6 2; (2
xi2[K]

such that the updated, , can be sampled from a valid probability distribution. Further, previous
studies B7, 39] also demonstrate theéontinuity Equatior(also known as the Kolmogorov forward
equation) in discrete ow matching, which describes the state probabilityprétg, x 2 S by:

b pr(x) + div (prur) =0 3)
where div (PtUe) = o6 g x(Z) POOUL(Z i X) P (Z)ui(X';2) ,measurir(lg the total out-
going ux x !z minus the total incoming ux ! x for statex 2 S. Here 4(z') = 6 xi (),

which indicates that we only considerand z when they only differ in the-th coordinate for
calculating the ux B7, 34]. Intuitively, Eq. 3 expresses that the rate of probabilityx a equal
to the nal remaining probability uxp;u; atx. Previous studies3[7, 39] have shown that if the
Continuity Equation is satis ed, them is said to generate the probability pgthas in De nition 1.

3 FUDOKI: A Multimodal Model Purely Based on Discrete Flow Matching

This section introduces FUDOKI, a new multimodal architecture that uni es vision and language
through the novel lens of discrete ow matching. By adopting this framework, FUDOKI enables an
integrated approach to both perception and generation across visual and textual modalities.

3.1 Metric-induced Probability Paths with Kinetic Optimal Velocities

Based on the recent theoretical advancement of discrete ow matcB8jgwe adopt a more
general probability path for FUDOKI, instead of the commonly used mask-based mixture paths
[37, 36, 35, 46, 45]. Speci cally, we consider the probability paths induced by discrete metrics.

Given a distance functiod: T T ! R o satisfyingd(x';x}) = 0 if and only if x' = x|, we
de ne a path of conditional distributions via:
pe(x' j x}) = softmax ¢odxhxh) ; (4)

where ; : [0;1]! R o is amonotonic schedule with boundary valugs=0, 1 =1 .Att=0,

this yields a uniform distribution, and &$ 1, the distribution converges to a delta functionat
Compared to the previous mask-based probability gath Eq. 1), this metric-induced probability
path de nes a more semantically meaningful transformation, allowing the probabilities of tokens
similar tox} to also increase d@s! 1, when settingl( ; ) to measure token embedding distances.

After de ning the prescribed metric-induced probability path, we then obtain the probability velocities
via minimizing the kinetic energy3]. In other words, it is expected to minimize the magnitude

of ux pu; for probability velocities to obtain a smooth transformation along the probability path.
Meanwhile, the obtained velocities should also satisfy several conditions, including the Continuity
Equation {.e., Eq. 3), the non-negativity of the ux between different states,(Eq. 2), and the
boundary conditions fgp andg. We leave the detailed mathematical formulations in the appendix.
In this way, the kinetic optimal velocity for Eq. 4 can be formulated as follows [38],

up(x';zjxa) = p(x' jxh) +[d(z'sxy)  d(xsxy)]s (5)
where[ [» = maxf ;0gis the ReLU operator and is the derivative of ; w.r.tt. Intuitively, for the
i-th coordinatez' 2 T , this velocity ensures that probability mass ows from stztéo statex' only
whenx' lies closer tax} thanz' does,j.e, d(x'; x}) <d(z';x}). As aresult, the ow monotonically

progresses towand, . After introducing the mathematical foundation of discrete ow matching, we
now dive into FUDOKI's model structure details.

5o(h) refers to a function that vanishes at a faster rate thash ! 0, i.e, limp: ¢ 0% =



Figure 2: Comparison of Model Architectures in Uni ed Multimodal Models. (a) AR-based modelD,

26, 21, 52-54, 18, 55 perform multimodal tasks via sequential token generation under strictly causal context
modeling. (b) Hybrid AR+Diffusion models, such as Transfusid8] and Show-o §€], integrate AR for

text and diffusion models for images, enabling improved visual generation quality. (c-d) Diffusion-based
models: D-DiT }6] applies mask-based discrete diffusion to text and continuous diffusion to images, while
UniDisc [48] employs mask-based discrete diffusion for both modalities. (e) FUDOKI adopts a uni ed
discrete ow matching framework for both modalities, leveraging a metric-induced probability path to enhance
performance in understanding and generation tasks. The inference advantages of FUDOKI over mask-based
discrete diffusion modeling used in (c-d) are shown in Fig. 3.

3.2 Architecture Overview

As shown in Fig. 2(e), FUDOKI is based on the Janus-1 28 &rchitecture, with minor adaptations

to support uni ed vision-language discrete ow modeling. Speci cally, to facilitate effective learning

and accelerate convergence, 1) we adopt a full attention mask instead of the standard causal mask to
allow all tokens to attend to each other, which helps the model better capture global context; 2) we
apply a shifting operatiordf] to the output logits by one position, so that our model can inherit the
next-token prediction capabilities of AR-based MLLMs as much as possible; 3) unlike continuous
diffusion models $7, 12], we do not incorporate additional time embedding layers in the model

to explicitly indicate the noise level in the corrupted input. Following the intuition of mask-based
discrete diffusion modelsiP, 58], we observe that our discrete generative model can also implicitly
infer the timesteps from the corrupted input along our de ned metric-induced probabilityigath (

Eq. 4), resulting in faster adaptation in experiments. The rest of the architecture remains identical
to Janus-1.5B. For the text modality, we use the tokenizer with a vocabulary sife,d00. For

images, we decouple the processing paths for understanding and generation. The semantic encoder
SigLIP [59] extracts high-dimensional features for image understanding, which are reshaped and
mapped into the LLM input space via an adaptor. For image generation, we follow Llamé@Gen [
employing a pixel encoder and decoder to convert images into discrete tokens, with the image token
vocabulary size set th6; 384. Each image token embedding is further transformed into an input



Figure 3: Inference Comparisons between (a) Mask-Based Discrete Diffusion Models and (b) Discrete
Flow Matching-Based FUDOKI. In mask-based discrete diffusion models, once a token is unmasked, it
typically cannot be modi ed again, which hinders self-correction. In contrast, our proposed FUDOKI allows its
responses to be continuously updated during inference, enabling potential corrections.

feature via a generation adaptor before being fed into the LLM. At the output stage, we use two
output heads, a text head and an image head, which convert the transformer outputs into discrete
categorical distributions. The appropriate head is selected depending on the target modality during
inference. Comparisons with previous AR-based and diffusion-based MLLMs are shown in Fig. 2.

3.3 Training

We follow the discrete ow matching framework4] for model training. Our model is initialized

from the pretrained weights of Janus-1.58)][and further adapted to our collected dataset, which
contains both text-to-image (generation) and image-to-text (understanding) data. Speci cally, we
divide the training of FUDOKI into two stages: 1) The main goal of the rst stage is to quickly
relearn the AR-based LLM such that it can effortlessly support the discrete ow matching paradigm.
To this end, we only ne-tune the parameters of the transformer while keeping other parts of the
model frozen, including the semantic encoders and embedding adaptors. This can help accelerate
convergence and stabilize our training; 2) After the rst stage, we further ne-tune the whole model

to enhance its overall performance on understanding and generation based on discrete ow matching.

Speci cally, in each training stage, the ground-truth targets drawn from the data distribution

g( ), where the condition is either a text prompt (for T2I) or an image-question pair (for 12T). The
targetx; is the image token sequence in the T2l setting and the textual token sequence in the 12T
setting. At each training step, a time [0; 1] is uniformly sampled, and a noised sequercées
sampled according to the de ned probability patl j x1) in Eq. 4. We set the distance function

d( ; ) to measure the L2-distances between normalized token embeddings, which helps increase the
probability of sampling tokens whose embeddings are close to the corresponding ground-truth token
x} in the embedding space, thereby making the corruption process more semantically meaningful and
facilitating learning. The model then receivgsas input and predicts;, outputting per-token logits

for each position. The training loss is de ned as the expected cross-entropy between the ground-truth
sequencea; and the model's predicted distribution:

" #
»

Lee( )= Bt upoxs a0ixe peCixa) logpy;, X} j Xt (6)
i=1
wherepljt( j Xt) denotes the model's predicted categorical distribution foii itieposition, parame-
terized by , given inputx;.

3.4 Inference

During inference, we apply an Euler solver for more robust sampling as sugges88]. i liis
solver simulates the continuous-time Markov chain (CTMC) protess : 1. Given thatx;  px,
the solver updates theth coordinate from timé tot + h using the following procedure:

« Samplex}  pj;(jx:) from our model;
« Compute the total conditional transition rate= X6 x| ut(x'; xtjx}) (see Eq. 5);

* Draw a uniform random variabléiChange u[o; 1];



« Samplexi, , as follows: ifZ{nge 1 € " ', samplex!, , from 4L(Xtx1) (1 xi ());
otherwise sex;, , = X;. Here i () is a delta function.

We provide a detailed understanding of this inference process as follows. In the second saep,
be interpreted as the intensity with which the probability masg adws to other statex' 6 x;.
The probability thak} will change at the current timestep is determined by comparing the threshold

1 e "' with a uniform random variabIEichange' the larger ! is, the more likely a jump will occur.

If a change happens!, ,, is sampled from all other possible states according to the distribution
proportional tou} ( ; x}jx}), as de ned in Eq. 5. This means the update tends to myg towards

states that are closer to the model's predictignin this way, our sampling process enables the model
to: (1) continuously re ne its predictions along the probability path, and (2) exibly adjust tokens
towards semantically similar alternatives at each timestep. As shown in Fig. 3, this is in contrast
to previous mask-based discrete diffusion modas 35, 45], where once a token is unmasked, it
generally cannot be modi ed again, even if it contains an error.

4 Experiments

4.1 Implementation Details

In both training stages, we use approximately 13M supervised netuning data to learn our FUDOKI,
including 9M in-house generation data for text-to-image generation and 4M public understanding
data, which covers various aspects including O6R §2], doc [63], chart [64], screen §5], math

[66, 67], language 8], etc. This is less than Chameleon's 1.4B d&4 pnd LWM's 1B data p9).

We leave the detailed dataset collections in the appendix. For text generation, the sequence length
for the response is set &0, while for image generation, it is set 576to match the input size of

the image encoder. The text embeddings for calculating the metric distance futtctigrare taken

from the original embedding layer of Janus-Pro-28] [agd the image embeddings are obtained from

the codebook of LlamaGe®(]. We set ; = ¢ l‘—t with ¢ = 3 anda = 0:9, as suggested in

[38]. Besides, following previous studie4q, 44, for the text modality, we pad each sequence with
<eos>(end-of-sequence) argpad>tokens to the maximum length during training, and compute

the loss over model's answer tokens, including these special tokens. After the sampling process, we
only keep the model responses ahead of the<ests>token. The sampling iterations are seB2s

by default, and the resolution of generated images by FUDOR84 384. The entire training
process spanned approximately 43,000 GPU hours.

4.2 Comparison with State-of-the-arts

Visual Generation Performance We evaluate the generation capabilities of FUDOKI on the widely
used GenEval benchmarkq]. Table 1 presents the summarized comparisons, where FUDOKI
achieved competitive overall performande7(7), matching the top score of prior models in the
category of both the generation-only and the understanding-and-generation categories. These results
underscore our model's advantages in accurate multi-object understanding and attribute binding,
making it promising for complex visual generation tasks that go beyond simple object depiction.
This can be attributed to the discrete ow matching framework of FUDOKI, which allows visual
information to integrate in both directions for better layout design of generated images.

Besides, we evaluate the visual generation performance of FUDOKI on DPG-B&sj¢bgnse

Prompt Graph Benchmark), a comprehensive dataset comprising 1,065 lengthy and densely composed
prompts speci cally designed to assess the ne-grained semantic alignment capabilities of text-to-
image models. As shown in Table 2, FUDOKI demonstrates competitive performance compared
to both generation-specialized and uni ed multimodal models. These results highlight FUDOKI's
strong ability to handle complex, information-rich prompts, establishing it as a robust and versatile
solution for multi-aspect visual generation tasks.

Multimodal Understanding. We evaluate the understanding capabilities of FUDOKI on several
benchmarks, including POPET], MME-P [92], SEED 3], MMB [ 94], GQA [95], MMMU [ 96,



Table 1:Visual Generation Performance on the GenEval Benchmark"Und." and "Gen" denotes Under-
standing and "Generatiofi. ¥ denotes models that integrate an external pretrained diffusion model.

Type Paradigm  Method Single Obj. Two Obj. Counting Colors Position Color Attri. Overall"
AR LlamaGen [60] 0.71 0.34 0.21 0.58 0.07 0.04 0.32
Emu3-Gen [18] 0.98 0.71 0.34 0.81 0.17 0.21 0.54
LDM [12] 0.92 0.29 0.23 0.70 0.02 0.05 0.37
SDv1.5[12] 0.97 0.38 0.35 0.76 0.04 0.06 0.43
Gen. Only PixArt- [13] 0.98 0.50 0.44 0.80 0.08 0.07 0.48
Diffusion SDv2.1[12] 0.98 0.51 0.44 0.85 0.07 0.17 0.50
DALL-E 2 [70] 0.94 0.66 0.49 0.77 0.10 0.19 0.52
SDXL [71] 0.98 0.74 0.39 0.85 0.15 0.23 0.55
DALL-E 3[72] 0.96 0.87 0.47 0.83 0.43 0.45 0.67
SD3-Medium [14] 0.99 0.94 0.72 0.89 0.33 0.60 0.74
SEED-X [73] 0.97 0.58 0.26 0.80 0.19 0.14 0.49
LWM [69] 0.93 0.41 0.46 0.79 0.09 0.15 0.47
ILLUME [21] 0.99 0.86 0.45 0.71 0.39 0.28 0.61
AR TokenFlow-XL [74] 0.95 0.60 0.41 0.81 0.16 0.24 0.55
Chameleon [54] - - - - - - 0.39
Und. and Gen Janus [20] 0.97 0.68 0.30 0.84 0.46 0.42 0.61
’ ' Janus-Pro-1B [26] 0.98 0.82 0.51 0.89 0.65 0.56 0.73
. . Show-o [56] 0.95 0.52 0.49 0.82 0.11 0.28 0.53
AR:Diffusion Transfusion [19] - - - - - - 0.63
Diffusion UniDisc [48] 0.92 0.47 0.15 0.67 0.13 0.19 0.42
D-DiT [46] 0.97 0.80 0.54 0.76 0.32 0.50 0.65

FUDOKI (Ours) 0.96 0.85 0.56 0.88 0.68 0.67 0.77

Discrete Flow ™| erence Scaling 0,98 0.95 073 094 088 0.78 0.88

Table 2:Visual Generation Performance on DPG-Bench.

Method Global Entity  Attribute Relation Other  Overall "
SDv1.5[12] 74.63 74.23 75.39 73.49 67.81 63.18
PixArt- [13] 74.97 79.32 78.60 82.57 76.96 71.11
Lumina-Next [77] 82.82 88.65 86.44 80.53 81.82 74.63
SDXL [71] 83.27 82.43 80.91 86.76 80.41 74.65
Playground v2.5 [78] 83.06 82.59 81.20 84.08 83.50 75.47
Hunyuan-DiT [79] 84.59 80.59 88.01 74.36 86.41 78.87
PixArt-  [80] 86.89 82.89 88.94 86.59 87.68 80.54
Emu3-Gen [18] 85.21 86.68 86.84 90.22 83.15 80.60
DALL-E 3[72] 90.97 89.61 88.39 90.58 89.83 83.50
SD3-Medium [14] 87.90 91.01 88.83 80.70 88.68 84.08
Janus [20] 82.33 87.38 87.70 85.46 86.41 79.68
Janus-Pro-1B [26] 87.58 88.63 88.17 88.98 88.30 82.63
FUDOKI (Ours) 80.55 89.73 88.05 93.66 78.00 83.63

and MM-Vet [97]. Table 3 presents the summarized restiltdotably, our FUDOKI model (1.5B
parameters) achieved highly competitive results, which are on par with or surpass several AR-based
MLLMs of similar or even larger scale. This demonstrates that FUDOKI delivered robust multimodal
understanding capabilities, which can be attributed to the bidirectional reasoning property of discrete
ow matching. Moreover, we provide generation process comparisons for understanding in Fig. 4,
which further highlight the advantages of sampling through discrete ow matching for reasoning,
e.g, self-correcting the reasoning process for coherency. Our ndings highlight the effectiveness and
ef ciency of FUDOKI, making it a strong alternative to the established AR-based MLLMs.

Inference Scaling We applied test-time inference scaling techniq} fo FUDOKI, leveraging

a judge model to score multiple candidate outputs and select the highest-scoring responses. The
last rows of Table 1 and Table 3 illustrate the impact of inference scaling on visual generation and
understanding. For generation, we used the VILA-Judge m&@tg select the top 4 images from

32 candidates per prompt in the GenEval benchmark, resulting in signi cant performance gains. For
understanding, we employed an LLM as the judge to choose the best response from 8 candidates in
the challenging MMVet benchmark, where improvements were observed. These results highlight
FUDOKI's potential for further enhancement through reinforcement learning approaches [1, 99].

5UniDisc [48] is not included in the table due to their inability to conduct visual question answering tasks.



Table 3:Multimodal Understanding Performance on Various Benchmarks."Und." and "Gen' denotes
"Understandinfjand "Generatiori. ¥ denotes models that integrate an external pretrained diffusion model.

Type Paradigm Model #LLM Params POPE" MME-P" MMB" SEED’ GQA" MMMU " MM-Vet"
LLaVA-v15-Phi-1.5[56]  1.3B 841 11280 - . 565 307 .
MobileVLM [81] 1.4B 845 11962 532 -  56.1 - -
MobileVLM-V2 [82] 1.4B 843 13028 577 - 593 - -
MobileVLM [81] 2.7B 849 12889 596 - 590 - -
MobileVLM-V2 [82] 2.7B 847 14405 632 - 611 ; ;
LLaVA-Phi [83] 2.78 850 13351 59.8 - - ; 28.9
Und. Only AR LLaVA[6] 7B 763 8096 387 335 - - 255
LLaVA-vL5 [84] 7B 859 15107 643 586 620 354 311
InstructBLIP [8] 7B - - 360 534 492 - 26.2
Qwen-VL-Chat [85] 7B . 14875 606 582 575 ; )
IDEFICS-9B [86] 8B - - 482 - 384 - -
Emu3-Chat [18] 8B 852 1244 585 682 603 316  37.2
InstructBLIP [8] 138 789 12128 - - 495 - 25.6
LavITY [87] 7B ) ] ) . 468 ) )
MetaMorpH [88] 8B - - 752 718 - - -
Gemini-Nano-1 [89] 1.8B - - - - - 26.3 -
ILLUME [21] 7B 885 14453 651 729 - 382 370
TokenFlow-XL [74] 13B 86.8 15459 68.9 687 627 387 407
AR LWM [69] 7B 75.2 ; - - 448 ; 9.6
VILA-U [90] 78 858 14018 -  59.0 60.8 - 335
Und. and Gen. Chameleon [54] 7B - } ; ; - 224 8.3
Janus [20] 158 87.0 13380 69.4 637 591 305 343
Janus-Pro-1B [26] 158 862 14440 755 683 593 363 398
 Show-0-256 [56] 138 738 9484 - - 487 251 -
AR*DIffusION o 1 512 [56] 1.38 800 10972 - - 580 267 ;
Diffusion  D-Dit [46] 2.08 840 11247 - - 592 - -
Discrete FioFUDOK! (OUrs) 158 86.1 14854 739 682 57.6 343 380
+Inference Scaling 1.5B - - - - - - 55.5

Figure 4: Generation process of different methods(a) AR-based Janus can only generate tokens sequentially;

if an error is made in the initial step, subsequent outputs will consistently propagate this mistake. (b) D-DiT
(mask-based discrete diffusion, MDD) cannot revise tokens once unmasked, making errors irreversible and
leading to poor generalization. (c) FUDOKI (discrete ow matching, DFM) allows generated tokens to be
revised in subsequent steps, enabling step-by-step reasoning and error correction for more accurate answers.

4.3 Ablation Studies

Training Strategies. 1) AR Initialization vs Training from ScratchAs shown in Fig. 5 (left), we
compare models initialized with autoregressive (AR) weigh@ §gainst models trained from scratch.
The results indicate that AR initialization provided a substantial advantage for accelerating model
training, leading to consistently lower training loss throughout the optimization proceffe2)s of
Time-embedding LayersVe also evaluate the impact of incorporating time embedding layers into
the model architecture. The results in Fig. 5 (middle) show that the model without time embedding
layers consistently achieves slightly lower training loss than the version with time embeddings. This



Figure 5: Comparison of training loss and speed-quality trade-off. (Left, Middle)AR initialization and
removing time embedding layers both reduce training IRght) With fewer timesteps, FUDOKI achieves
much higher speed but slightly lower quality than AR; at the optimal timestep, both metrics surpass the AR.

Table 4:Quantitative comparisons between the AR-based models and our proposed FUDOKI
in terms of the self-correcting capabilities.

Method Baseline +Janus-Pro-1B to correct ~ +Janus-Pro-7B to correct  +FUDOKI to correct

MMVet 37.98 36.33 (-1.65) 38.30 (+0.32) 38.53 (+0.55)

suggests that our discrete generative model can implicitly infer timesteps from corrupted input, and
removing time embeddings reduces model complexity.

Quality-Speed Trade-off. Fig. 5 (right) illustrates the trade-off between speed (in images per minute)
and quality (GenEval score) in terms of setting different inference timesteps for visual generation. It
compares the inference performance of FUDOKI with the autoregressive (AR) baseline, Janus-Pro-1B
(with KV cache enabled). The red solid line (to the left vertical axis) represents the speed of FUDOKI,
which decreases as the number of timesteps increases, while the blue solid line (to the right vertical
axis) represents the generation quality of FUDOKI, which improves and stabilizes as timesteps
increase. We also draw the dashed horizontal lines indicating the baseline values for Janus-Pro-1B,
with the red dashed line for speed and the blue dashed line for quality. Please pay attention to the
intersection point of the green arrows. This intersection marks the point where FUDOKI achieves a
signi cant speed advantage over the AR baseline (as the red solid line exceeds the red dashed line)
and comparable output quality (where the blue solid line meets the blue dashed line). This can be
attributed to FUDOKI's fewer inference steps and richer bidirectional context modeling.

Results on the Self-Correction Capability We quantitatively evaluated the self-correcting capa-
bilities of FUDOKI and performed comparisons with the AR-based models. In experiments, both
FUDOKI and AR-based models were tasked with correcting baseline responses where necessary.
The baseline responses were obtained from Janus-Pro-1B on the MMVet benchmark, using the Open-
Compass VLMEvalKit codebas&((. To assess their correction abilities: 1) For AR-based models,

we appended the following prompt to the original prompt: "Your original response is: <placeholder>.
Please correct it if needed. Otherwise, you may keep it the same." The models were then evaluated
on their ability to revise or retain the response as appropriate; 2) For FUDOKI, we initialized the
responses with the baseline responses (rather than uniformly-sampled noise tokens) and performed
iterative re nements oveB2 steps, as described in the paper. As shown in Table 4, FUDOKI achieved

the highest performance improvement, while Janus-Pro-1B's performance declined and Janus-Pro-7B
showed less increase, despite its larger model size than ours. We attribute such results to the increased
context length introduced by the baseline responses, which may distract the AR-based model's focus.
This further highlights the limitations of the AR paradigm for effective self-correction.

5 Conclusion

In this work, we introduced FUDOKI, a multimodal model that uses discrete ow matching to
unify visual understanding and generation. Unlike conventional autoregressive and masking-based
approaches, FUDOKI leverages discrete ow matching for iterative self-correction, bidirectional
reasoning, and exible generation. Experiments show that FUDOKI performs competitively with
leading AR-based MLLMs on both visual understanding and text-to-image generation tasks. These
results highlight discrete generative ow models—exempli ed by FUDOKI—as a promising direction

for advancing multimodal language models and meeting future AGI challenges.
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the paper has limitations, but those are not discussed in the paper.

» The authors are encouraged to create a separate "Limitations" section in their paper.

» The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-speci cation, asymptotic approximations only holding locally). The authors
should re ect on how these assumptions might be violated in practice and what the
implications would be.

» The authors should re ect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

« The authors should re ect on the factors that in uence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

» The authors should discuss the computational ef ciency of the proposed algorithms
and how they scale with dataset size.

« If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren't acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be speci cally instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justi cation: We did not make new theoretical contributions in the paper.
Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justi cation: Please see Section 3 and Section 4 for details.
Guidelines:

The answer NA means that the paper does not include experiments.

If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of

whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken

to make their results reproducible or veri able.

Depending on the contribution, reproducibility can be accomplished in various ways.

For example, if the contribution is a novel architecture, describing the architecture fully

might suf ce, or if the contribution is a speci ¢ model and empirical evaluation, it may

be necessary to either make it possible for others to replicate the model with the same

dataset, or provide access to the model. In general. releasing code and data is often

one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurlPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with suf cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer:
Justi cation: We will release the code and model weight when the paper is accepted.
Guidelines:

» The answer NA means that paper does not include experiments requiring code.

» Please see the NeurlPS code and data submission guiddiites/(nips.cc/
public/guides/CodeSubmissionPolicy ) for more details.

» While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

 The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurlPS code and data submission guidetpees (
/Inips.cc/public/guides/CodeSubmissionPolicy ) for more details.

» The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

» The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

» Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justi cation: Please see Section 4 for details.
Guidelines:

» The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

» The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical signi cance

Question: Does the paper report error bars suitably and correctly de ned or other appropriate
information about the statistical signi cance of the experiments?

Answer: [Yes]
Justi cation: Please see Section 4 for details.
Guidelines:

« The answer NA means that the paper does not include experiments.

» The authors should answer "Yes" if the results are accompanied by error bars, con -
dence intervals, or statistical signi cance tests, at least for the experiments that support
the main claims of the paper.

 The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

» The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

» The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.
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8.

10.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% Cl, if the hypothesis
of Normality of errors is not veri ed.

» For asymmetric distributions, the authors should be careful not to show in tables or
gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

« If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding gures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide suf cient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justi cation: Please see Section 4 for details.
Guidelines:

* The answer NA means that the paper does not include experiments.

« The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

» The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

» The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurlPS Code of Ethickttps://neurips.cc/public/EthicsGuidelines ?

Answer: [Yes]
Justi cation: Please see the main paper.
Guidelines:

» The answer NA means that the authors have not reviewed the NeurlPS Code of Ethics.
« |If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.
» The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justi cation: Please see appendix for details.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

« If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake pro les, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact speci ¢
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
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generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

« The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the ef ciency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible

release of data or models that have a high risk for misuse (e.qg., pretrained language models,
image generators, or scraped datasets)?

Answer:
Justi cation: We will put efforts in this when we release our model in the future.
Guidelines:

» The answer NA means that the paper poses no such risks.

» Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety lters.

» Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

» We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justi cation: Please see the Reference Section for details
Guidelines:

» The answer NA means that the paper does not use existing assets.
» The authors should cite the original paper that produced the code package or dataset.

» The authors should state which version of the asset is used and, if possible, include a
URL.

» The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

« If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datagetgerswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset's creators.

13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
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Answer: [NA]
Justi cation: We will put efforts in this when we release our model in the future.

Guidelines:

» The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

» The paper should discuss whether and how consent was obtained from people whose
asset is used.

At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip le.

14. Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justi cation: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

« The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

« Including this information in the supplemental material is ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

« According to the NeurlPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justi cation: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

» Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

» We recognize that the procedures for this may vary signi cantly between institutions
and locations, and we expect authors to adhere to the NeurlPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or

non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,

scienti ¢ rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
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Justi cation: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

» The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

» Please refer to our LLM policyhttps://neurips.cc/Conferences/2025/LLM )
for what should or should not be described.
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A Related Work

A.1 Unied multimodal LLMs

Autoregressive Paradigms: End-to-End and Two-Stage ModelingAutoregressive (AR) modeling
remains a core strategy for uni ed multimodal understanding and generation, but recent advances
have led to two distinct AR-based paradigms.

The rst is theend-to-end AR paradignin which all modalities—including images, text, video,

and even audio—are tokenized into a uni ed discrete space and directly modeled within a single
AR sequence framework. Representative works such as Uni edt0d, fL0Z], Chameleon $4],
AnyGPT [103, and Emu3 18] follow this approach: a transformer autoregressively predicts the
next token across modalities, with image tokens directly decoded back to pixels via learned decoders
such as VQGAN. DDT-Llamal]04] further improves tokenization by introducing recursive diffusion
timestep tokens, enabling better alignment with language modeling and image reconstruction. This
approach enables strong performance in both understanding and generation, and supports exible
modality conversion (e.g., AnyGPT covers speech and music). Building on this foundation, models
like Janus 20] and Janus-Pro2f] decouple visual encoding for understanding and generation

to address the granularity mismatch, while VILA-80], LWM [69], and LaVIT [55] focus on

ef cient tokenization, uni ed visual-text alignment, and scaling to long-context and video scenarios.
lllume [21] and lllume+ B2] further enhance data ef ciency and token alignment, with lllume+
introducing dual visual tokenization and a diffusion-based decoder for higher- delity image synthesis
and editing.

By contrast, thewo-stage AR+diffusion paradigseparates sequence modeling and image synthesis:
AR models rst generate image tokens, which are then used as conditions for downstream diffusion
decoders to boost image quality and diversity. Representative works include DreamDEWjhich

enables free-form interleaved multimodal generation; MiniGPT&H| which improves image-

text coherence with a two-stage pipeline; NExT-GRUY, which supports any-to-any modality
conversion by connecting AR sequence modeling with modular diffusion decoders; MetaNa8ph [
which ef ciently adapts LLMs for uni ed text and visual token generation; SEED-LLaMA&|[ which

aligns image token semantics with text for scalable multimodal autoregression; and SEED-X [
which further enables arbitrary-size and multi-granularity image generation. Recently, BLIR&o [
advanced this paradigm by generating CLIP-based image features using a diffusion transformer and
adopting sequential pretraining to better balance understanding and generation. Collectively, these
models demonstrate the exibility and high image delity achievable with the two-stage approach,
highlighting a distinct trade-off with end-to-end AR models in reasoning and generation quality.

Hybrid Paradigm: Integrating AR and Diffusion within a Uni ed Framework. To bridge the

gap between the reasoning strengths of AR models and the generative power of diffusion models,
hybrid paradigms have emerged that combine both mechanisms in a uni ed architecture. For example,
JanusFlow 109 employs a continuous reacti ed ow for image generation, Shovs§ pdopts a
discrete MaskGIT-style diffusion, while Transfusialf] utilizes a continuous U-Net-based DDPM.
Despite their differences in diffusion implementation, these hybrid models all enable more exible and
controllable vision-language generation, further blurring the boundaries between AR and diffusion
approaches.

Diffusion Paradigm: Fully Diffusion-Based Multimodal Generation. In parallel, fully diffusion-

based approaches have also been proposed for uni ed multimodal modeling. UniBlisn{

D-Dit [46] formulate both text and image generation as a discrete diffusion process, starting from
masked sequences and enabling joint inpainting, editing, and controllable multimodal generation. By
leveraging the iterative denoising process, diffusion models typically achieve superior generation
delity and support ne-grained, high-quality editing. Moreover, unlike autoregressive models that
generate tokens sequentially, diffusion-based approaches can produce multiple tokens in parallel
during inference, improving ef ciency and enabling more globally consistent outputs. While these
models offer enhanced controllability and exible inference, they may still face challenges in com-
plex instruction following and sequential reasoning. Nevertheless, fully diffusion-based paradigms
represent a promising direction for scenarios requiring ne-grained editing, state-of-the-art generation
quality, and ef cient parallel decoding across modalities.

Comparisons with Bagel R5]. Bagel R5] is a very strong recent advance in uni ed multimodal
understanding and generation. While both FUDOKI and Bagel aim for uni ed multimodal mod-
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eling, they are based on fundamentally different generative paradigms and architectural choices.
Speci cally, Bagel employs a large Mixture-of-Transformer-Experts (MoT) architecture and follows
the autoregressive (AR) modeling paradigm, enabling it to ef ciently scale with massive, carefully
structured interleaved multimodal data. In contrast, FUDOKI is the rst general-purpose uni ed
multimodal model built entirely on discrete ow matching, which allows for bidirectional information
integration and iterative self-correction during generation. In terms of empirical performance, Bagel
demonstrates strong results on both multimodal generation and understanding, including advanced
tasks such as free-form image manipulation. We acknowledge that FUDOKI currently lags behind
Bagel, which can be attributed mainly to Bagel's novel data scaling strategies and substantially larger
model size (14B parameters for Bagel vs. 1.5B for FUDOKI). We will explore integrating similar
scaling approaches in future work.

A.2  Flow Matching

Flow matching offers a fundamentally different approach to generative modeling compared to
diffusion models. While diffusion models rely on repeatedly injecting random noise into data and
then iteratively denoising it, ow matching instead learns a smooth, continuous transformation,
formulated through ordinary differential equations (ODESs), that maps a simple distribution (such as
Gaussian noise) directly to real data. This approach eliminates the need for repeated noise addition
and removal.

Pioneering this direction, Lipman et §.2] introduced Continuous Normalizing Flows (CNFs) and

the ow matching framework, which trains neural networks by regressing vector elds along exible
probability paths. This work laid the foundation for subsequent advances in CNF-based generative
modeling. Building on this, Liu et al41] proposed Recti ed Flow, which learns neural ODEs
along straight-line paths between distributions, enabling more ef cient and scalable training for
tasks such as image generation and domain adaptation. More recently, Albergo and Vanden-Eijnden
[110] presented InterFlow, which simpli es training by directly inferring the velocity eld from the
probability ow of an interpolant density, thus avoiding costly ODE backpropagation and supporting

ef cient likelihood estimation and high-resolution generation.

A key advantage of ow matching is itsampling ef ciency: by allowing deterministic sampling

in just a few ODE steps, it achieves competitive FID scores with orders of magnitude fewer steps
compared to diffusion-based samplers. This remarkable ef ciency has quickly made ow matching a
dominant approach in state-of-the-art image and video generation models.

Recent studies have also extended ow matching to discrete data domains. CampbdB®t al.
introduced Discrete Flow Models (DFMs), which generalize ow matching to discrete spaces using
continuous-time Markov chains, improving multimodal modeling of both continuous and discrete
data over discrete diffusion models. Similarly, Gat ef3r] proposed Discrete Flow Matching,

a framework that supports general probability paths and scalable non-autoregressive generation,
signi cantly narrowing the performance gap between discrete ow and autoregressive models on
coding benchmarks.

Thanks to these advances, ow matching methods have demonstrated strong performance across
a wide range of domains, including image synthesis 15], video generation]11-114)], speech

and audio generatiori15-117, protein design118-120, and robot control121]. These successes
underscore the broad applicability and effectiveness of ow matching frameworks.

A.3 Discrete Diffusion Models

Diffusion models have achieved remarkable success in continuous domains such as images and
audio p7, 122, 123. However, their adaptation to natural language poses unique challenges due

to the discrete nature of text. Early attempts to overcome this primarily injected Gaussian noise
into token embedding spaces, followed by denoising to reconstruct discrete sequedcgly.
Representative models in this line include Diffusion-LiR2#], DiffuSeq [125, and Plaid 126].

While these approaches show promise for controllable generation and sequence-to-sequence tasks,
the need to map between discrete and continuous representations complicates training and inference.

Recent research has shifted to discrete noise-based diffusion models to address these limitations,
where noise injection and denoising are directly de ned in the symbol space. The most in uential
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early works in this direction are Argmax FlowsZ7] and D3PM B3]. D3PM, in particular, provides

a systematic framework for discrete diffusion, formalizing both absorbing (mask-based) and uni-
form (categorical) noise processes for sequence corruption. These foundational studies enable the
progressive corruption of discrete sequences through distinct forward processes: in the absorbing
(mask-based) process, tokens in the original sequence are gradually replaced with a special absorbing
token (e.g., <MASK>); in the uniform (categorical) process, tokens are progressively replaced with
randomly sampled tokens from the vocabulary. The diffusion model is then trained to reverse these
processes, denoising the corrupted sequence back to the original data. Building on these foundations,
subsequent models such as DiffusionBERS][LLaDA [44], and MD4 [35] introduce improve-

ments in noise scheduling, scalability, and training objectives. Methods like Mask@8 dnd

FiLM [ 129, although originally proposed for vision or general in lling tasks, are methodologically
aligned with mask-based diffusion, employing iterative generation with absorbing masks. These
models have achieved performance competitive with, or even superior to, autoregressive models in
language modeling, in lling, and reasoning tasks.

In addition to mask-based approaches, the uniform (categorical) transition process, also formalized
in D3PM, corrupts sequences by progressively replacing tokens in the original data with tokens
sampled uniformly from the vocabulary, rather than a single mask token. SBE@BXtends score
matching to discrete data via a score entropy loss, achieving state-of-the-art results and in some cases
surpassing autoregressive baselines. RRB[introduces a reparameterized sampling framework

to improve training and sampling ef ciency. Furthermore, recent studig$ [L32 model discrete
diffusion as a continuous-time Markov chain, advancing theoretical understanding and practical
ef ciency. Most recently, Discrete Flow Matching (DFM3T] was proposed as a novel discrete

ow paradigm for generative modeling of high-dimensional discrete data. Unlike ow matching and
diffusion models designed for continuous domains, DFM introduces a general family of probability
paths that interpolate between source and target distributions in discrete space, and provides a uni ed
formula for sampling from these paths using learned posteriors such as probability denoisers and
noise predictors. Empirically, DFM demonstrates that adopting a uniform (categorical) transition
process, rather than an absorbing (mask-based) process, consistently leads to improved generative
performance.

Recent scaling studies further demonstrate that, in addition to matching autoregressive models in
perplexity and generation quality, discrete diffusion models have achieved strong performance on
complex reasoning and planning tasks, underscoring their exibility and potential as competitive
alternatives for natural language generation and understarti33g1[36, 44, 35]. Recent work 49|

explores directly adapting pretrained autoregressive language models into non-autoregressive dif-
fusion models via continual netuning, enabling ef cient knowledge transfer between paradigms.
Building on this line, Dream 7B45] further advances diffusion LMs by consistently outperforming
previous diffusion models and matching the performance of top autoregressive models of similar size.

B More Comparison with State-of-the-arts

Qualitative Comparisons on Visual Generation.Figure 6 presents qualitative comparisons of visual
generation results produced by three models: Ja2)sD-DiT [46], and our method, FUDOKI,
across a diverse set of text prompts. Each row corresponds to a different prompt, covering scenarios
such as animals in unusual environments, cartoon avatars, and objects with speci c attributes. As
shown in the gure, FUDOKI consistently produced images that more accurately captured the
semantics of the prompts, demonstrating superior text-image alignment and higher visual delity.

Qualitative Comparisons on Visual Understanding.Figure 7 presents qualitative comparisons

of visual understanding capabilities among Janus (AR), [D-DiT (mask-based discrete diffusion,
MDD) [46], and our FUDOKI (discrete ow matching, DFM). The upper section shows selected
intermediate outputs from each model's answer generation process, illustrating their reasoning
dynamics. The lower section presents additional visual question answering cases, where FUDOKI
demonstrates higher reasoning accuracy and better alignment with ground truth answers, highlighting
its superior ability to generate reliable and precise responses.
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Figure 6: Qualitative Comparisons on Visual Generation. Comparison among Janu&(], D-DiT [46]
and FUDOKI on various text prompts. The results demonstrate that our method (FUDOKI) achieved superior
text-image alignment and aesthetics.

C Further Results

The Denoising Process of FUDOKIFig. 8 illustrates the iterative re nement process enabled by the
discrete ow matching framework in FUDOKI, demonstrating its application to both generation and
understanding tasks. The top panel visualizes how images are progressively denoised over iterations,
transitioning smoothly from an initial noisy prioty to the nal high- delity image x1. Across

diverse generation examples—ranging from animals to objects—the model incrementally sharpens
semantic details and corrects spatial structure at each re nement step. The bottom panel depicts a
similar iterative re nement for the understanding task, where the model extracts text from an image.
Starting from a noisy token sequence, irrelevant or incorrect tokens are gradually replaced with
accurate tokens (e.g., “Sara Lee”") as the model converges to the correct answer. The red arrows
highlight token-level updates during each step, emphasizing the model's ability to systematically and
continuously correct errors and align predictions. This gure showcases how discrete ow matching
enables ne-grained control and progressive improvement in both modalities by modeling transitions

in discrete space, leading to more accurate and coherent outputs. More cases can be found in our
project page: fudoki-dfm.github.io/fudoki/.

Maze Navigation In this section, we train our proposed FUDOKI model on a novel task—maze
navigation—which simultaneously requires understanding and generation capabilities. To this end,
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Figure 7:Qualitative Comparisons on Visual Understanding.The upper part of the gure shows selected
intermediate outputs from the answer generation process of different models—Janus (AR), D-DiT (mask-based
discrete diffusion, MDD), and our FUDOKI (discrete ow matching, DFM)—to illustrate their reasoning
approaches. Speci cally, Janus, the AR-based model, is unable to revise its initial incorrect regpori¥ey,

it is summertime ..); even after generating the correct rationale later, (The large pumpkins ... suggest that it

is autumnY, making its response inconsistent overall. Meanwhile, D-DiT, the mask-based diffusion model, fails
to handle this reasoning task, often producing empty outpetsdnly </s> tokens). In contrast, our discrete

ow matching model, FUDOKI, demonstrates a coherent and accurate reasoning trajectory, producing consistent
and correct answers. The lower part of the gure provides additional qualitative examples on visual question
answering tasks. FUDOKI consistently delivers more accurate and well-aligned reasoning with the ground truth.

Fig. 9 presents a series of multimodal decision-making scenarios where FUDOKI and GPT-40/GPT-
Image-1 are evaluated on their ability to reason over spatial layouts and produce both textual and
visual outputs. Each case involves a frozen lake grid of increasing siZ& @ 4, and 5 5), with a

de ned goal and a character's current position. The task is to select a safe move that avoids hazards
(dark blue holes) while progressing toward the treasure. We notice that while GPT-40 provided well-
reasoned textual explanations that include safety considerations, goal alignment, and environmental
awareness, its visual updates lacked consistency with its textual responses, and even altered the
maze structure (in the third row of the gure). In contrast, FUDOKI consistently predicted plausible
directions and generated coherent visual updates aligned with the task constraints, showing basic
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Figure 8:Visualization of the iterative re nement process enabled by discrete ow matching in FUDOKI,
demonstrating denoising process for text-to-image generation and visual understanding tasks.

Table 5:Performance Comparisons on the MathVista Benchmark.

Method Janus-1.5B  Janus-Pro-1B FUDOKI

MathVista 32.4 35.1 38.6

spatial awareness. Furthermore, as shown in Fig. 10, FUDOKI is capable of completing the entire
maze navigation sequence, moving from the initial position to the treasure step by step.

Results on the MathVista [L37] Benchmark. We also evaluated our proposed FUDOKI on a more
challenging mathematical reasoning benchmark, MathVista (testrii8i). [As shown in Table 5,

we nd that FUDOKI achieved the best performance compared to AR-based models at the same scale.
We attribute this improvement to FUDOKI's discrete ow matching framework, which leverages
bidirectional context modeling to facilitate complex reasoning.

D Dataset Collections

Our training set comprises a total of 12.62 million samples, divided into two main categories:
Generation (8.76M, 69%) and Understanding (3.86M, 31%), as shown in Fig. 11. The Generation
subset, which is entirely composed of in-house data, is constructed for text-to-image generation
tasks. In contrast, the Understanding subset covers a diverse set of information extraction and
comprehension tasks. This balanced and large-scale collection ensures comprehensive support for
both generative and understanding capabilities.

Speci cally, the public Understanding of data covers the following aspects:
» General (1506.8K, 40.6%): ShareGPT-40 (57.2K)3f, VSR (12.8K) [L39, ALLaVA-
Instruct (680.4K) 140, IconQA (29.9K) [41], LVIS-Instruct4V (10.0K) [L42,

ShareGPT4V (613.3K)143, VIQUAE (18.5K) [144], RAVEN (0.3K) [145], Visual7W
(14.4K) [146], In-house (70.0K)
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