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Abstract

Current end-to-end multi-modal models utilize different en-
coders and decoders to process input and output informa-
tion. This separation hinders the joint representation learn-
ing of various modalities. To unify multi-modal processing,
we propose a novel architecture called MDM (Multi-modal
Diffusion Mamba). MDM utilizes a Mamba-based multi-
step selection diffusion model to progressively generate and
refine modality-specific information through a unified vari-
ational autoencoder for both encoding and decoding. This
innovative approach allows MDM to achieve superior per-
formance when processing high-dimensional data, particu-
larly in generating high-resolution images and extended text
sequences simultaneously. Our evaluations in areas such
as image generation, image captioning, visual question an-
swering, text comprehension, and reasoning tasks demon-
strate that MDM significantly outperforms existing end-to-
end models (MonoFormer, LlamaGen, and Chameleon etc.)
and competes effectively with SOTA models like GPT-4V,
Gemini Pro, and Mistral. Our results validate MDM'’s ef-
fectiveness in unifying multi-modal processes while main-
taining computational efficiency, establishing a new direc-
tion for end-to-end multi-modal architectures.

1. Introduction

Traditional large-scale multi-modal models [2, 4, 17, 21,
41, 43, 46, 48, 58, 62, 64, 86] typically use multiple en-
coders and decoders to process multi-modal data. This ap-
proach makes learning a unified joint representation of the
multi-modal data difficult and can significantly slow infer-
ence time (as shown in Fig. 1A). To alleviate these prob-
lems, end-to-end models without modal-fusion en(de)coder
architecture have been proposed (as shown in Fig. 1B). This
approach offers a streamlined, unified processing frame-
work that enhances efficiency and consistency in multi-
modal representation learning. Existing end-to-end models
follow three primary strategies: (1) Autoregressive mod-
els [5, 31, 69, 71] leverage a single Transformer for both
text and image generation, but struggle with the inherent
sequential dependency of autoregressive decoding. (2) Hy-
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Figure 1. Comparison of three types of models.

brid image generation models [23, 78] integrate an addi-
tional image synthesis module, improving image quality but
introducing extra complexity. (3) Mixed autoregressive-
diffusion models [89, 90] employ diffusion-based image
generation while maintaining an autoregressive framework
for text, yet still struggles with unifying multi-modal.

Despite recent advancements, Transformer-based end-
to-end models face several critical challenges: (1) their
quadratic computational complexity makes them inefficient
for generating high-resolution image and long-sequence
text. Although various studies have attempted to optimize
this computational complexity [1, 3, 12, 27, 29, 56, 59,
66, 74, 75], the challenge remain substantial. (2) their
reliance on multi-objective learning introduces conflicting
optimization goals, impeding convergence and hindering
effective joint representation learning. In contrast, state-
space models like Mamba [26, 61] offer a compelling al-
ternative due to their ability to scale linearly with sequence
length while effectively capturing long-range dependen-
cies. However, the current multi-modal implementations of
Mamba [18, 22, 30, 37, 49, 60, 73, 76, 80, 82] still adopt a
multi-objective approach, limiting their capacity for end-to-
end joint representation learning.

To effectively process multi-modal data, we propose
an end-to-end model called the Multi-Modal Diffusion
Mamba (MDM) (as shown in Fig. 1c). MDM first employs
patchify [19] and embedding to pre-process multi-modal
data. Then, it uses a variational autoencoder (VAE) [42]
as a multi-modal encoder, which uniformly maps the multi-
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Figure 2. Framework of Multi-Modal Diffusion Mamba. MDM first encodes inputs (caption, VQVAE-processed image, question) using
VAE (a), while performing padding (class, diffusion timestep, token completion) and flatten operations (d, e). Next, data reconstruction is
progressively completed via diffusion mamba operations (b), modeling images and text temporally through scanning processes (f, g) for
efficient information selection (red boxes indicate selection). Selected data undergoes computation (i) guided by (h) within the Mamba-2

framework to update model parameters. Finally, the MDM output

modal data to a noisy latent space (as illustrated in Fig. 2a).
MDM constructs a multi-step selection diffusion model
based on the Mamba architecture as a uniform decoder for
the rapid generation of multi-modal information.

This decoder generates the target text or image step-by-
step based on the diffusion process through the multi-step
selection diffusion model (as shown in Fig. 2b). To en-
hance decoding speed, the decoder employs the Score En-
tropy Loss [50] as the objective function instead of Markov
chain-based [35] methods for updating the network to han-
dle multi-modal data throughout the diffusion process. The
decoder comprises two components: an image and text scan
switch, and a Mamba-2 block [26]. The text scan switch has
two modes for sequence modeling (as shown in Fig. 2f),
while the image scan switch has four, based on the settings
of DiM [73] (as shown in Fig. 2e). The scan switches enable
the model to capture sequential relationships across various
temporal directions in the data. The selection state-space
structure in Mamba then analyzes these sequential relation-
ships within the current denoising step. This analysis guides
the selection of relevant information to focus on and irrele-
vant information to ignore, effectively directing the model’s
denoising process at each step.

Since MDM unifies the modality encoder and decoder,
the model is capable of generating an image and text si-
multaneously. For example, as shown in Fig. 2h, when
generating an image of a dog alongside its description, the
scan switch in the decoder first assesses whether the de-
scription contains conditions that necessitate image gener-
ation. If such conditions exist, the image scan switch is

passes through the VAE decoder (c) to reconstruct real data.

activated. Consequently, the model directs its selection to
the image patches corresponding to the dog during each de-
noising step. This targeted focus guides the model to effec-
tively denoise relevant pixels while disregarding other areas
of the image. A similar selection process is employed for
text data. Ultimately, the data, once denoised via the t-step
diffusion process, is reconstructed into authentic text (or an
image) through the VAE decoder simultaneously. The main
contributions of this paper are as follows.

1) We introduce the Multi-Modal Diffusion Mamba
(MDM), an end-to-end model that achieves a computa-
tional complexity of O(M LN?), outperforming previous
end-to-end models like MonoFormer [89], which operate at
O(ML?>N/G). This advancement enables the efficient gen-
eration of long-sequence text and high-resolution images.

2) We propose a novel multi-step selection diffusion
model that combines autoregressive and diffusion-based
generative paradigms into a unified learning objective. This
method effectively integrates both paradigms within a diffu-
sion process, generating multi-modal data simultaneously.

3) Our experimental results demonstrate MDM’s supe-
rior performance in image generation on the ImageNet [13]
and COCO datasets [40]. Additionally, it excels in vari-
ous tasks, including image captioning on Flickr30K [84]
and COCO [40], VQA on VQAWV2 [25], VizWiz [28], and
OKVQA [53], as well as text comprehension and reasoning
on seven datasets [7, 9, 10, 54, 65, 87]. Furthermore, MDM
shows strong results in math-related world knowledge tasks
on GSMS8k [11], MATH [33], and MMLU [32].
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2. Related Works

2.1. Traditional large multi-modal model

Most existing LMMs are built by integrating architectures
from multiple modalities [2, 4, 41, 46, 62, 86]. SOTA im-
age and video generation models employ pre-trained text
encoders to represent input prompts in latent space, which
then condition a diffusion model for generating videos
and images [64]. Many researchers have adopted this ap-
proach, fusing feature representations from multiple pre-
trained encoders to enhance model performance across dif-
ferent modalities [21, 58]. This pattern is also prevalent in
visual language models, where pre-trained language mod-
els are typically augmented with linear projection layers
from other pre-trained en/decoders for training in the text
space. Examples include Flamingo [2] and LLaVA [48] for
visual understanding, GILL [43] for visual generation, and
DreamLLM [17] for both understanding and generation.

2.2. End-to-End multi-modal model

End-to-end models have emerged recently to facilitate joint
representation learning while improving training and infer-
ence efficiency. It can be categorized into three main types:
1) The autoregressive model [5, 31, 69, 71] utilizes one
Transformer with an autoregressive approach to generate
images and text. For instance, the Fuyu model [5] processes
image patches directly as input to achieve visual compre-
hension. Models like Chameleon [71], Mars [31], and Lla-
maGen [69] convert images into discrete sequence tokens,
then concatenate them with text.

2) The hybrid image generation model [23, 78] addresses
the limitations of autoregressive approaches in image gen-
eration. While maintaining an autoregressive structure for
text generation, the models enhance image quality by incor-
porating an image-generation network. For example, Seed-
x model [23] focuses on enhancing specific aspects of im-
age generation, while Next-GPT [78] aims to expand multi-
modal capabilities within an end-to-end framework.

3) The mixed autoregressive-diffusion model [89, 90]
combines the strengths of previous approaches. It per-
forms text autoregressive generation and image diffusion
restoration simultaneously. Models like MonoFormer [89]
and Transfusion [90] achieve this by incorporating causal
self-attention [81] for text tokens and bidirectional self-
attention [14] for image patches, enabling high-quality
multi-modal understanding and generation.

2.3. Mamba in multi-modal model

Mamba has emerged as a powerful alternative to Trans-
former for multi-modal data alignment [18, 49, 76, 77, 82].
Recent works showcase Mamba’s capabilities across differ-
ent multi-modal applications. VL-Mamba [60] combines a
pre-trained Mamba model for language understanding with
a connector module to align visual patches and language
tokens. However, these models lack end-to-end training
capabilities and struggle to learn unified joint representa-

tions. MDM provides a truly end-to-end architecture, en-
abling rapid generation of high-quality, long sequences.

3. Multi-step Selection Diffusion Model

The multi-step selection diffusion model enables rapid gen-
eration of multi-modal information through two key pro-
cesses: diffusion & denoising and selection. During the
diffusion & denoising, the model employs a unified Score
Entropy Loss [50](SE) to gradually reconstruct target data
from noise through a series of denoising steps (as illustrated
in Fig. 2b). The selection process enables the model to cap-
ture sequential relationships across different temporal di-
mensions in the latent space, determining which informa-
tion should be focused on or ignored during each diffusion
denoising step (as shown in Fig. 2h).

3.1. Diffusion & Denoising

The diffusion & denoising process comprises two main
components: diffusion and denoising. The diffusion com-
ponent can be expressed by the following equation:

9 _ /=9.9 / ~g. g
Zpg =\ G20t 1_at€n,t7 (1)

where g denotes either image patch or text embedding,
and z; , represents the latent space vector of the n-th im-
age patch or text embedding, obtained through VAE sam-
pling [42]. is derived from 2 (o after ¢ steps of noise

n t
addition; €, , ~ N(0, I) represents the added noise; &/ =

[Ty of, ol =1—p37, and {87 € (0,1)}7_, are Gaussian
distribution hyperparameters controlling the forward diffu-
sion noise. Following the diffusion Markov principle [35],
t-step forward diffusion process can be characterized by
conditional probabilities as follows:

P(zalzn0) = N(zny ailzn e (L= ai)D), ()

g

n.05 % 29, follows a Gaussian distri-

which means that given z

bution with /a zn o s mean and (1 — ad)I as variance.

In the classic diffusion denoising component [35], the
model needs to learn the posterior p(zf , |z ;) to gradu-
ally reconstruct the data. Since p(z;, , ‘ZZ,O) follows a Gaus-
sian distribution, we can assume that the approximate dis-
tribution of the denoising process is:

=Nz rimo(zn4), (05,,)%). G

where fi9(2;, ;) and of  represent the model predicted
noise mean and variance at the ¢-th denoising step.

This method achieves the gradual recovery of data by
optimizing the conditional probability of each time step by
maximum likelihood. However, Markov chain-based [35]
methods limit computational efficiency in high-dimensional
spaces and are difficult to extend to discrete data.

To further optimize the denoising process, this paper
uses SE [50] as the optimization target. It is a general-
ized score matching objective that aims to directly learn the

pg(zg t71|z'z,t)
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probability density ratio between discrete states. The SE
can not only stabilize the diffusion denoising process but
also improve the sampling quality through the global infor-
mation of data distribution. In general form, for any state
pair (2 ,, 25 ), define the model’s score ratio sg(2; ),

which represents the relative probability of transferrmg
from 2; , to 27 ;. SE is defined as:

se= Y wl (Se(zﬂ,t)—
nt

9
YEZ, 0:t—1

Pdata (y)
S log s (27
pdata(z}ql,t) ( n,t)

Pdata (y) > )
K hhabdadh A,
- <pdata(zfz,t) ,
“4)

where wi’g is the weight of the loss term, which is used to
n,t

balance the loss of different states. K (a) = a(loga — 1) is
a normalization term that ensures the loss is non-negative.

pfdj‘i@(é’)) represents the actual score ratio. pgqtq(y) and
atal\“n,t

pdam(zi,t) are the actual data distributions of the former
noisy state and the current noisy state. The actual score
ratio calculation relationship is shown in Theorem 1.

Theorem 1. According to Bayes’ theorem and the Gaus-
sian distribution density formula, the following calculation
relationship of pf%ﬁéé’)) is obtained:

ata (73 4

Pdata(y) [ e [ \anoH2
0P\ T2 2(1-a)

pdata(znﬁt

®)

The proof is provided in Appendix A.

Based on the SE [50], the model predicted score ratio
indicates how the model adjusts the probability of the cur-
rent state to tend to the original data distribution during the
denoising process. The definition is as follows:
Po(n0)

p@(z%qz,t> 7
where the denominator represents the probability of the cur-
rent noise state and the numerator represents the original
state probability estimated by the model. According to The-
orem 2, the model uses softmax for normalization ensur-
ing numerical stability and enabling gradient optimization
when predicting the score ratio.

(6)

Theorem 2. Given the denoising process modelled by
a score-based probability ratio function sg (z%t), defined
as Eq. (0), this paper defines a learnable approximation us-
ing a parameterized score function fy, such that the proba-
bility ratio can be estimated as:

exp (fé( rL 1% 7O))
Yyear,, e (fol2hv)

The proof is provided in Appendix A.

(7

59(25,15) =

3.2. Selection

The selection process comprises two key steps: scan switch
and selection. The scan switch mechanism captures tem-
poral relationships between adjacent image patches (or
text embeddings) by generating latent space representations
with £ different sequential relationships, such as four im-
age patch sequences and two text embedding sequences il-
lustrated in Fig. 2fg. The mechanism creates k£ temporal
sequences S = {(z7 1,29 ;, -+, 2] 1)}

The selection step then analyzes these different sequen-
tial relationships at the current denoising step ¢ to determine
which information should be focused on or ignored, thereby
guiding the model’s denoising direction in each diffusion
step. The selection step chooses j items 27 , from each se-
quence in S according to the following Theorem 3. So, the
selection step obtain k selection sequences with different
lengths, i.e., S = ) kand S € S.

<J1,t’ asto o Fgt

Theorem 3. To achieve the optimal score entropy [50]
which is demonstrated on Eq. (4), the selection step choose
J items where each zfm satisfies se = 0, i.e.,

Pdata (y)

_— 8
pdata(zg7t) ( )

59(27%,15) ~

The proof is provided in Appendix A.
4. Architecture

The neural network architecture consists of two primary
components: a VAE noisy latent encoder [42] and a multi-
step selection diffusion decoder, as illustrated in Fig. 2ab.
The encoder first processes image data X, through
patchify [19] operations and processes text data Xy,
through tokenization based on SentencePiece with Unigram
BPE [45] and embedding operations, then uniformly maps
them to the latent space before applying forward noise.
The decoder, based on the multi-step selection diffusion
model, leverages Mamba to achieve unified learning objec-
tives while enhancing computational efficiency for process-
ing long sequence data. It employs the SE [50] as the uni-
fied objective for both image and text modalities during the
diffusion process. During selection, the model captures se-
quential relationships across different temporal dimensions
using various scan switches. These relationships are then
efficiently processed through the selection state-space struc-
ture in the Mamba Block determining which information to
focus on or ignore according to Eq. (8), thereby guiding
subsequent diffusion denoising steps (as shown in Fig. 2h).
Finally, the reconstructed image patches and text embed-
dings are transformed back into their original data formats
through a VAE noisy latent decoder [42].
4.1. The noisy latent encoder
The noisy latent encoder first processes input image X4
through patchify and processes text X;,; through tokeniza-
tion and embedding operations to obtain the patch sequence
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G(Ximg/Xtzt) = (91,92, - - -, gi), Where g, represents the
n-th image patch or text embedding, respectively. The en-
coder VAE [42] generates Gaussian distribution parameters
(mean p and variance o) for these patches, with a similar
process applied to text embeddings, i.e., VAE(G) = (u,0).
For each image patch or text embedding g, its noise z,, is a
sample s,, from the distribution A (11, o) with the addition
noise €, ~ N(0,1), i.e, z, = s, + €,. Finally, the image
Ximg and text X, are transformed into the noise sequence
(21, -+, 2z;) through the above process.

Moreover, three types of learnable padding tokens, time,
category, and pad, are inserted into these noise sequences,
as illustrated in Fig. 2de. The time token encodes the cur-
rent diffusion step, the class token is used to learn the data
category, and the pad token represents the start or end posi-
tion for splitting these noise sequences.

4.2. The multi-step selection diffusion decoder

The decoder aims at progressively recovering the image
Ximg or text X;;; from noise sequences through two main
modules: 1) the multi-step selection diffusion Mamba and
2) the VAE noisy latent decoder. 1) The Mamba is used
to recover the patch sequence (gi,--- ,g;) from the noise
sequence (21, - - , 2;). 2) The VAE noisy latent decoder as-
sembles patches and generates the image X img OF text X Lt

4.2.1. Multi-step selection diffusion Mamba

The module leverages two components, image/text scan
switch and Mamba Block, to implement each denoising step
in the multi-step selection diffusion model (Sec. 3).

The image/text scan switch component establishes se-
quences with different directions to capture different tempo-
ral relationships between patches. Following Dim [73], we
implement four distinct scan switches for images (as shown
in Fig. 2f) and two for text (as shown in Fig. 2g).

The Mamba block is used to select patches from these
different scan switch sequences and denoise the input noise
zf“t. The block adopts the state space architecture from
Mamba-2 [26]. According to Sec. 3.2, it is sy, where
9 = {H, ;, A, B,C,D, A} represent the state space in the
block. The block comprises six key components: 1) lin-
ear input and output projection layers, 2) convolution ker-
nel layer, 3) nonlinear activation layer, 4) state space model
(SSM), 5) skip connection layer, and 6) normalization layer.

1) The linear input projection layer reduces the dimen-
sionality of the latent space noise vector while simultane-
ously applying initial state matrices A, B, C to the linear
projection of input data zfm. Additionally, the linear output
projection layer represents the denoising step, which trans-
forms the selection noise 2;, , into z;, ,_ », and outputs it to
the next Mamba block according to the following equation.

At
Zgb,tht = Zz,t*7[f9(zfgz,tat)JFfO(ZZ,tht’t*At)] )

where the equation adopts the second-order numerical
method of DPM-Solver [51] to improve sampling accuracy.
Details are provided in Appendix B.

2) The convolution kernel layer implements parallel scan
switches, routing the initial linear projection of the input
and the state matrix’s linear projection through the SSM, as
shown in Fig. 2i. The sweep down and sweep up [26] enable
parallel computation between Eqgs. (10) to (13).

3) The nonlinear layer enhances model generalization.

4) The SSM lets the Mamba block sy approximate the
actual score ratio based on Theorem 3. To implement the
target, SSM updates the state space 6 by the following equa-
tions (based on Theorem 3 and details in Appendix A).

HY,=AHY, |+ Bz, (10)
zp 4. =CH, ,+ Dz, (11)
A= exp (AA) (12)

B=(AA) - (exp(AA)—-1I)-AB (13)

where H , represents the hidden state representation, A
and B control the evolution of hidden states and latent space
noise vector inputs, respectively, C' governs the hidden state
representation of the target output and D manages the non-
linear skip connection for latent space noise vector inputs.
A denotes the learnable time parameter.

5) The skip connection layer facilitates input feature
reuse and mitigates model degradation.

6) The Normalization layer ensures training stability.

According to Eq. (8) in Theorem 3 and Eq. (4), the goal
of training the Mamba block is:

Ly =E. se =0 (14)

0~Po,2a~p(-2] o)
4.2.2. The noisy latent decoder

After applying the diffusion-based denoising process, the
recovered latent variable 27 , is passed to the VAE de-
coder [42] as illustrated in Fig. 2c. For image reconstruc-
tion, the decoder applies an /5 loss:

Lf'?cg = Ezﬁ‘0~q¢(z|X) ||Ximg - X“”QHZ' 15)
where g4 (2| X) represents the posterior distribution of the
VAE encoder.

For text, the decoder minimizes the cross-entropy loss:

Lt = B qnoi) D DX 120 0) log pu(X {128 o).
t

(16)
where p(Xt(i)t|z;qw) represents the probability distribution
of real text data under the condition of latent variable z;) .
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Multi-Modal Generation
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remove dust from a keyboard
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The person could be feeling
relaxed, enjoying the calmness
of the setting sun and the
soothing sound of the waves.

What is the
man called who

asagioveon Pl

h:
his left hand?

The man who has a glove i 5‘2‘: o plowe
on his left hand is catcher. dust or gently clean with

I want to see more beautiful
sea view. Can you provide me
one with a beautiful sea view
picture?
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The color of the trunks is Paris. another beautiful
yelow: e =5
sea view.

A B C

What s the capital city of the
country where the Eiffel
Tower is located?

What color are ww
the boy's trunks?

Figure 3. VQA, QA and Multi-Modal generation test from MDM.
The results of VQA are part of VQAv2 [25]. The QA results are
part of PIQA [7] and MMLU [32]. The Multi-Modal generation
results are tested with ground-truth data.

Image Generation

A cup of water

> |
Null Null Null Null

A pick-up truck
rolling over a
grassy field

Null A pickup truck driving
on the grass

An old-fashioned
windmill
surrounded by
flowers

Null Null Null Null A windmill surrounded
by flowers
Original
Captioning GPT-4 DREAMLLM LlamaGen MonoFormer MDM

Figure 4. Comparison between each model on generating caption-
ing and image results on COCO dataset. Unlike other models,
MDM generates both image and caption data simultaneously.

And pw(f(t(;ﬂzf%o) represents the probability distribution
of the text token generated by the VAE decoder under the
condition of the latent variable z;) .

Besides, a KL divergence regularizes the latent space:

Lkr = Dkr (q5(2|X)|[p(2)) - a7

where p(z) represents the prior distribution of the latent
variable by VAE, which is assumed to be a standard Gaus-
sian distribution A'(0, I) to regularize the latent variable
space and enable it to have smooth generation capabilities.
The final optimization objective integrates VAE recon-

struction, KL divergence and SE:
Liotal = Limg + Lt + ﬁLKL + ALse- (18)

Tec rec

5. Experiments
5.1. Experimental Setup

Model configuration. Our model applies a VAE [42] as the
noisy latent encoder and decoder. Moreover, it integrates

the DiM selection state space [73] in each Mamba block as
the diffusion decoder. The resulting model contains 7 bil-
lion parameters, with 49 Mamba blocks in the multi-step se-
lection diffusion decoder, each having a dimension of 2048
(Details of parameter settings listed in Appendix C).

Before the training MDM process, we trained a tokeniza-
tion model based on SentencePiece (Unigram BPE) [45].
The tokenization model can help the model construct a sta-
ble text latent variable representation, thereby optimizing
the forward diffusion and reverse denoising process. See
Appendix D for detailed experimental settings.

In the training process, we import the DDPM sched-
uler [35] and DPM-Solver [51] to improve the sampling ef-
ficiency in the diffusion model. We then use the AdamW
optimizer without weight decay, maintaining a constant
learning rate of 0.0001. Meanwhile, we keep an EMA of
the model weights with a coefficient of 0.9999.

Baseline and dataset. Our evaluation encompasses four
tasks: image generation with classifier-free guidance [34]
(CFQG), text-to-image, image-to-text, and text-to-text gener-
ation. For the baseline model training, we train MDM on
ImageNet [13], JourneyDB [68] and UltraChat [16].

For the image generation and the text-to-image task
at 256 x 256 resolution, we compare the MDM baseline
model against established baselines across three categories:
diffusion models (Imagen [64], ADM [15], CDM [36],
LDM [63], DiT-XL/2 [57], SDXL [58], and SD-3 [21]), au-
toregressive models (VQGAN [20] and ViIT-VQGAN [85]),
and end-to-end multi-modal models (NExT-GPT [78],
Chameleon [71], LlamaGen [69], Transfusion [90], Mono-
Former [89], Dual-DiT [47], JanusFlow [52] and Show-
O [79]). For the image generation task, we evaluate per-
formance on ImageNet [13] using four metrics: Frechet
Inception Distance (FID), Inception Score (IS), and Preci-
sion/Recall. For the text-to-image task, we evaluate perfor-
mance on COCO [40] using FID and Gen Eval [24].

For the image-to-text task (image captioning and vision
question answering, VQA) and text-to-text task, we em-
ploy MDM baseline model and MDM instruction model
by visual instruction tuning [48] on multiple datasets:
COCO [40], GQA [38], OCR-VQA [55], TextVQA [67],
and VisualGenome [44]. We evaluate the model against
two groups of baselines: traditional models and end-to-end
multi-modal models. Performance evaluation of image cap-
tioning is conducted on Flickr 30K [84] and COCO [40]
datasets using the Consensus-based Image Description
Evaluation (CIDEr) metric. And performance evaluation
of VQA is conducted on VQAv2 [25], VizWiz [28], and
OKVQA [53] using answer accuracy rate as the evaluation
metric.

For the text-to-text task, we evaluate the model on text
comprehension and reasoning tasks using HellaSwag [87],
OpenBookQA [54], Wino-Grande [65], ARCEasy, ARC-
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Params ‘

Image Generation with CFG ‘

Text-to-Image Generation

Model Arc

| FID | IS 1 Pre 1 Re 1 | FID | Gen Eval 1
Imagen [64] Diff 7.3B - - - - 727 -
ADM [15] Diff 554M 10.94 101.0 0.69 0.63 B -
CDM [36] Diff - 4.88 158.7 - - - -
LDM [63] Diff 400M 3.60 147.6 0.87 0.68 - 0.43
DIiT-XL/2 [57] Diff 675M 227 0.83 0.57 - -
SDXL [58] Diff 3.4B - - - - 4.40 0.55
SD-3[21] Diff 12.7B . - . . . 0.68
VQGAN [20] AR 227M 18.65 80.4 0.78 0.26 - -
ViT-VQGAN [85] AR 1.7B 4.17 175.1 - - - -
NEXT-GPT [78] AR 7B - - - - 10.07 -
Chameleon [71] AR 7B - - - - 26.74 0.39
LlamaGen [69] AR 3.1B 2.81 3115 0.54 4.19 -
Transfusion [90] AR+Diff  7.3B - - - - 6.78 0.63
MonoFormer [89]  AR+Diff 1.IB 2726 0.56 - -
Dual-DiT [47] Diff 2B - - - - 9.40
JanusFlow [52] AR+Diff 1.3B - - - - - 0.70
Show-O [79] AR+Diff 1.3B - - - - 9.24 0.68
MDM Diff 7B | 2.49 281.4 0.86 | 0.68

Table 1. Performance on ImageNet and COCO 256 x256. FID, IS, Pre, and Re stands for Frechet Inception Distance, Inception Score,

Precision, and Recall, respectively.

Model | IC | VQA | Text Comprel and R ing |  Math and World

| Flickr  COCO| VQAv2 VizWiz OK | HS OBQA WG ARCE ARCC BoolQ PIQA | GSMSk MATH MMLU
Llama-2 [74] (7B) - - - - - 772 586 785 459 78.8 14.6 25 453
Mistral [39] (7B) - - - - - - 753 800 555 847 830
Flamingo [2] (80B) 751 1138 | 676 - - - - - - - - - - - -
Gemini Pro [72] 998 | 712 . - 84.7 - - . . - - 86.5 326 718
GPT4V [8] 553 785 | 772 - - 95.3 - - - - - - 920 529 864
InstructBLIP [48] (7B) 824 1022 - 334 339 - - - - - - - - - -
mPLUG-Owl [83] (7B) 803 1193 - 39.0 - - - - - - - - - - -
TinyLlama [88] (1.1B) - - - - - 592 360 591 553 301 578 733 - - -
Pythia [6] (12B) - - - - - 520 332 574 540 285 633 709 - - -
DREAMLLM [17](7B) - 1154 | 566 443 - - - - - - - - - -
Emu [70](7B) - 117.7 | 400 354 347 - - - - - - - - - -
Chameleon [71](34B) 74.7 66.0 - - 742 510 704 76.1 814 796 | 416 115 521
NEXT-GPT [78](7B) 84.5 1249 | 667 484  52.1 - - - - - - - - - -
Transfusion [90](7B) - 33.7 - - - - - - - - - - - - -
MonoFormer [89](1.1B) - - - - - 50.6 37.2 56.9 48.2 31.5 62.3 71.2 - - -
Dual-DiT [47](2B) - 562 | 60.1 299 253 - - - - - - - - - -
JanusFlow [52](1.3B) - - 79.8 - - - - - - - - - - - -
Show-O [79](1.3B) 67.6 - - - - - - - - - - - - -
MDM (7B) 624 1096 | 603 398 706 415 688 551 462 657 405 121 544
InstructMDM (7B) 752 1221 | 667 463 516 | 748 654  47.1 715 837 | 460 59.2

Table 2. Performance on image-to-text and text-to-text tasks. The evaluation of image captioning (IC) and VQA is CIDEr and answer

accuracy % (Flickr is evaluated on 30K and OK represents OKVQA).

Challenge [10], BoolQ [9], and PIQA [7]. We also eval-
uate the model on math and world knowledge tasks using
GSMS8K [11], MATH [33], and MMLU [32]. The evalua-
tion metrics for all the tasks are accuracy rates.

5.2. Experimental Results

Image Generation. In the image generation task on Im-
ageNet, MDM achieves top-three rankings across all eval-

uation metrics: second in FID, IS, and Precision, and third
in Recall when compared against one-modal diffusion mod-
els and end-to-end multi-modal models (see Tab. 1). MDM
demonstrates superior overall performance, notably sur-
passing other end-to-end multi-modal models in three of
the four metrics. In the text-to-image task, we tested the
model on the COCO dataset to generate both image and
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Figure 5. Comparison between Mamba Baseline, MonoFormer, and ours MDM on inference speed test. The left shows the inference speed
of the model FPS at different resolutions. The right shows the inference speed of the model latency at different token lengths.

Model Image/Text FPS w log FID|
Scan Switch scalet

Model w Mamba DRB@®/D@ 1.357 2.49

Model w Mamba (O] 1.405 3.96

Model w Transformer - 1.914 6.72

Table 3. Ablation on ImageNet 256 X256 image generation.

caption data. For the image generation results, we evalu-
ated the FID and Gen Eval performance indicators of the
model-generated images. MDM still achieved the top three
performance levels and achieved SOTA on Gen Eval.

Text Generation. In the image-to-text task image cap-
tioning, according to the settings on image generation on
the COCO dataset, we tested the caption data of the model
based on the model outputting both text and image data us-
ing the CIDEr indicator. The results showed that MDM
ranked second among all models, as shown in Tab. 2. While
in task VQA, MDM achieves competitive performance, sur-
passing several traditional models including InstructBLIP,
mPLUG-Owl, DREAMLLM, and Emu, although it still
trails behind top-performing models in the field as shown
in Tab. 2. In the text-to-text generation task, as shown
in Tab. 2, MDM and the other end-to-end multi-modal mod-
els perform worse than well-known traditional models. This
discrepancy may be attributed to the fact that these end-to-
end models have some deviations in multimodal fusion and
learning because they abandon multiple language encoders,
visual encoders, and multimodal fusion encoders. How-
ever, when compared with the other two end-to-end models,
MDM excels, outperforming MonoFormer and surpassing
Chameleon on seven out of ten datasets.

5.3. Discussion
5.3.1. Performance Analysis

As demonstrated in Fig. 3, MDM shows the ability to gen-
erate image and text simultaneously in multiple rounds of
dialogue and perform well in QA& VQA. Some results even
exceed those of GPT-4V, particularly evident in the second
and third rows of Fig. 4 which is a hybrid output process for
the MDM model. Due to this, we set the model to generate
corresponding images for the description text while simul-

taneously generating image captioning.

This enhanced performance stems from MDM’s multi-
step selection diffusion decoder, which leverages Mamba’s
integrated selection and denoising capabilities to maintain
focused attention on both textual and visual details. Validat-
ing our complexity analysis in Appendix E, MDM demon-
strates superior efficiency compared to end-to-end Trans-
former models when processing long sequences, as shown
in Fig. 5, particularly outperforming other end-to-end multi-
modal models for sequences exceeding 1280 tokens.

5.3.2. Ablations

Our ablation studies examine the impact of both the se-
lection process and Mamba block components. Reducing
the number of image/text scan switch sequences from 6
CO@®/®@’) to 3 C@@/@’), as shown in Tab. 3, im-
proves inference speed but degrades image quality, as fewer
scan switch sequences limit the model’s ability to capture
accurate information in complex sequences. Additionally,
replacing the Mamba block with the Transformer further
deteriorates output image quality, suggesting Mamba’s tem-
poral network architecture is better suited for representing
diffusion relationships during the denoising process.

6. Conclusion

This paper introduces MDM (Multi-Modal Diffusion
Mamba), a novel end-to-end architecture that significantly
enhances multi-modal processing through two key innova-
tions: a unified diffusion objective and an efficient selection
mechanism leveraging Mamba’s state-space structure.
By integrating variational autoencoder with multi-step
selection diffusion, MDM achieves SOTA overall perfor-
mance in image generation and demonstrates remarkable
versatility across various tasks, including image-to-text,
text-to-text and text-image-to-text-image. Our compre-
hensive experiments illustrate that MDM consistently
surpasses traditional end-to-end multi-modal models,
particularly in processing high-resolution images and long-
sequence text, while maintaining computational efficiency.
The model’s ability to unify different modalities under a
single objective, coupled with its superior management of
temporal relationships in the diffusion process, establishes
a promising direction for future multi-modal architecture.
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