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Abstract

Recent advancements in image generation have
made significant progress, yet existing models
present limitations in perceiving and generating
an arbitrary number of interrelated images within
a broad context. This limitation becomes increas-
ingly critical as the demand for multi-image sce-
narios, such as multi-view images and visual nar-
ratives, grows with the expansion of multime-
dia platforms. This paper introduces a domain-
general framework for many-to-many image gen-
eration, capable of producing interrelated image
series from a given set of images, offering a
scalable solution that obviates the need for task-
specific solutions across different multi-image sce-
narios. To facilitate this, we present MIS, a novel
large-scale multi-image dataset, containing 12M
synthetic multi-image samples, each with 25 in-
terconnected images. Utilizing Stable Diffusion
with varied latent noises, our method produces a
set of interconnected images from a single cap-
tion. Leveraging MIS, we learn Many-to-many
Diffusion (M2M), an autoregressive model for
many-to-many generation, where each image is
modeled within a diffusion framework. Through-
out training on the synthetic MIS, the model ex-
cels in capturing style and content from preced-
ing images — synthetic or real — and generates
novel images following the captured patterns. Fur-
thermore, through task-specific fine-tuning, our
model demonstrates its adaptability to specific
multi-image generation tasks, like Visual Proce-
dure Generation.

1. Introduction

Over the past few years, the realm of image generation has
seen remarkable progress across numerous tasks, including
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Figure 1: Overview of M2M Pipeline. During training,
M2M takes sets of noised latent images and their corre-
sponding clean image features as inputs and predicts the
noise added to each noised latent image conditioned on the
previous clean image features. At inference, our model can
generate an arbitrary number of images in an auto-regressive
manner by iteratively incorporating generated images back
into the input.

super-resolution (Ho et al., 2022b; Saharia et al., 2022b),
image manipulation (Meng et al., 2021; Nichol et al., 2022;
Kawar et al., 2023; Brooks et al., 2023), text-to-image gen-
eration (Ramesh et al., 2021; Rombach et al., 2022; Ramesh
et al., 2022; Saharia et al., 2022a; Yu et al., 2022), and more.
Despite this progress, the primary focus has predominantly
been on the generation or processing of individual images.
Some studies (Li et al., 2019; Maharana et al., 2022; Pan
et al., 2022; Liu et al., 2023a) explore beyond single im-
age generation but usually with a specific focus on specific
tasks like story synthesis (Li et al., 2019), visual in-context
learning (Bar et al., 2022), novel-view synthesis (Liu et al.,
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2023c), and so on. These examples illustrate the versa-
tility of the multi-image generation paradigm, which can
also encompass video generation, essentially a sequence of
image frames. The proliferation of multimedia platforms
has increased the need for accepting multiple images and
generating multiple images that possess different types of
interconnection, catering to applications like producing the-
matically and stylistically consistent image sets for adver-
tising or displaying objects from various perspectives. Rec-
ognizing the merging demand, this paper thus underscores
the need for a holistic exploration into the general-domain
multi-image to multi-image generation paradigm, where
models are designed to perceive and generate an arbitrary
number of interrelated images within a broader context.

In this work, we present a domain-general framework for
multi-image to multi-image generation that can perceive
and generate a flexible number of interrelated images auto-
regressively, thus offering the flexibility and adaptability
needed to meet a broad range of multi-image generation
tasks. A cornerstone of this endeavor is the exposure of our
framework to a diverse collection of multi-image examples
that inherently maintain meaningful interrelations amongst
the images in each set. To facilitate this, we introduce MIS,
the first large-scale multi-image dataset comprising sets of
images interconnected by general semantic relationships.
Unlike previous multi-image datasets specialized towards
specific scenarios, such as sequential frames or images from
multiple viewpoints, MIS encapsulates more general seman-
tic interconnections among images. MIS consists of a total
of 12M synthetic multi-image set samples, each containing
25 interconnected images. Motivated by the success of dif-
fusion models in text-to-image generation (Rombach et al.,
2022; Ramesh et al., 2022; Saharia et al., 2022a; Nichol
et al., 2022), we propose to utilize Stable Diffusion to pro-
duce interconnected image sets from identical caption but
varied latent noise. This ensures that all images generated
from the same caption are drawn from the same conditional
probability distribution, underscoring their meaningful in-
ternal connections. Yet, the varied latent noise guarantees
the distinctiveness of each image within the set.

Leveraging our MIS dataset, we propose Many-to-many
Diffusion (M2M), a conditional diffusion model that can
perceive and generate an arbitrary number of interrelated
images in an auto-regressive manner, based purely on visual
inputs, without reliance on textual descriptions. M2M is
built upon latent diffusion models and we extend it into
a multi-image to multi-image generator by introducing an
Image-Set Attention module that learns to capture the intri-
cate interconnections within a set of images, thereby facili-
tating more contextually coherent multi-image generation.
Our study further explores various architectural designs for
multi-image to multi-image generation, focusing on diverse
strategies for handling preceding images. We introduce

two novel model variants: M2M with Self-encoder (M2M-
Self) and M2M with DINO encoder (M2M-DINO). M2M-
Self utilizes the same U-Net-based denoising model to si-
multaneously process preceding latent images along with
noisy latent images, enabling more refined cross-attention.
Meanwhile, M2M-DINO employs external vision models
to encode more discriminative visual features from preced-
ing images. Experimental results show that M2M learns
to capture style and content from preceding images and
generate novel images in alignment with the observed pat-
terns. Impressively, despite being trained solely on synthetic
data, M2M exhibits zero-shot generalization to real images.
Furthermore, through task-specific fine-tuning, our model
demonstrates its adaptability to specific multi-image genera-
tion tasks, like Visual Procedure Generation, suggesting its
potential to handle complex multi-image generation chal-
lenges.

Our paper makes the following contributions: (1) We intro-
duce an innovative strategy for constructing MIS, the first
large-scale multi-image dataset containing 12M synthetic
multi-image set samples, each with 25 images intercon-
nected by general semantic relationships. (2) We propose
a domain-general Many-to-many Diffusion model that can
perceive and auto-regressively generate an arbitrary number
of interrelated images. (3) We show that M2M captures
style and content from preceding images to generate novel
images following the captured patterns. It exhibits great
zero-shot generalization to real images and notable potential
for customization to specific multi-image generation tasks.

2. Related Work

2.1. Image Generation

Image generation has always been a heated topic in com-
puter vision, with demand spanning various tasks, such as
super-resolution (Ho et al., 2022b; Saharia et al., 2022b),
image manipulation (Meng et al., 2021; Nichol et al., 2022;
Kawar et al., 2023; Brooks et al., 2023), text-to-image gen-
eration (Ramesh et al., 2021; Rombach et al., 2022; Ramesh
et al., 2022; Saharia et al., 2022a; Yu et al., 2022), and so
on. Beyond the realm of single-image generation, there has
been an exploration into multi-image generation (Li et al.,
2019; Bar et al., 2022; Liu et al., 2023c) but usually with a
specific focus on specific tasks. For instance, story synthe-
sis (Li et al., 2019) aims at generating a series of images that
narrate a coherent narrative. Other tasks, such as visual in-
context learning (Bar et al., 2022) focus on generating one
target image using a query image accompanied by example
image pairs. Additionally, novel-view synthesis (Liu et al.,
2023c) aims to generate images from new viewpoints based
on a set of posed images of a particular scene or object.
Our work distinctively expands on the existing literature
by proposing a more general multi-image to multi-image
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generation framework, that can be adapted to a myriad of
scenarios in multi-image generation.

2.2. Diffusion-based Generative Models

Diffusion-based generative models(Ho et al., 2020; Song

& Ermon, 2019) have marked notable progress in the eld _ ) o

of generative Al. These models operate by incrementally /9ure 2: A sample image set of ve distinctive images
introducing noise to perturb the data and learning to generatgenerated using a caption from CC12M.

data samples from Gaussian noise through a series of de-

noising processes. Recently, diffusion models have becom . L

prominent for generating images (Rombach et al., 202 ;ollowmg objective:
Ramesh et al., 2022; Saharia et al., 2022a; Brooks et al.,
2023), as well as in other modalities such as video (Ho
et a_I., 2(_)22a; Singer et al., 2022; Blattmann et aI.,. 202?’]E)uring inference, classi er-free guidance (Ho & Salimans,
audio (Liu et al., 2023b; Huang et al., 2023), text (Li et aI.,2021) is used to improve sample quality:

2022; Gong et al., 2022; Zhang et al., 2023), 3D (Poole et al.,

2022; Gu et al., 2023; Liu et al., 2023c) and more. Given _ (z:0= (z:?2)+s ( (z;0) (z:?)): ()
their superior performance in image generation, we propose

to leverage the diffusion-based generative models for tW@yhere (z:c) and (z;?) refer to the condition and un-

key purposes: constructing the synthetic multi-image segonditional -predictions, ands represents the guidance
datasetMIS, and serving as the backbone architecture forgcgle. Setting = 1 disables the classi er-free guidance

our multi-image generation framework. while increasing > 1 strengthens the effect of guidance.

Liom = EE(x);c;;t k (Zt;t;C)kg : (2)

3. Background 4. Multi-Image Set Construction

The Diffusion Probabilistic Models (Ho et al., 2020; Song |_earning to process and generate multiple images requires a
& Ermon, 2019) learns the data distributip(x) by gradu-  diverse collection of multi-image examples for training. As
ally denoising a normally distributed variable throughout amanually collecting a multi-image dataset comprising sets
Markov chain with lengtfil. Speci cally, diffusion models  of interconnected images would be resource-intensive, we
de ne a forward diffusion process in a Markov chain, incre-propose to leverage the capabilities of text-to-image models
mentally adding Gaussian noise samples to the initial datﬂ_atent Diffusion Model (Rombach et al., 2022)) for gener-
pointx into the Gaussian noise; overT steps, and alearn- ating a multi-image dataset, which we refer ta\S. This

able reverse process that denoisesack to the clean input  gataset comprises sets of interconnected images. Speci -
x iteratively via a sequence of time-conditioned denoisingca|ly, we leverage the power of the Latent Diffusion Model
autoencoders (x;t). Typically, the denoising model  and its capacity to generate a diverse set of images from
is implemented via time-conditioned U-Net (Ronnebergefhe same caption by employing different latent noises. This
etal., 2015). The diffusion model is commonly trained with approach allows us to construct a set of interconnected im-

a simpli ed L2 denoising loss (Ho et al., 2020): ages for each caption, recognizing that these images within
the set exhibit internal connections owing to the common
Lom = Ex K (X 1)K (1) caption they were generated with. Notably, while all im-

ages generated from the same caption are drawn from the
where N (0:1),t U (0:T). same conditional probability distribution, underscoring their

meaningful internal connections, the introduction of varied
latent noise ensures the distinctiveness of each image within
Latent Diffusion Models Latent Diffusion Models (Rom- the set.
bach et al., 2022) improves the ef ciency of diffusion mod-
els by operating in the latent representation space of a pr
trained variational autoencoder (Kingma & Welling, 2013)
with encodelE and decodeb, such thaD(E(x)) x.

To gather image captions, we employ Conceptual 12M
?Changpinyo et al., 2021), a large image-text pair dataset
that contains approximately 12 million web images, each
with a corresponding descriptive alt-text. RdtS gener-
Diffusion models can be conditioned on various signalsation, we exclusively utilize these alt-texts as captions for
such as class labels or texts. The conditional latent diffusiomenerating interconnected images. More precisely, with
models learn a denoising modelthat predicts the noise each caption, we employ the Stable Diffusion model to
added to the noisy lateat given conditioningc via the  generate a set of distinct images by using different latent
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noise. We employ Stable Diffusion v2-1-badsalong with

the Euler Discrete Scheduler (Karras et al., 2022) and a
default guidance scale of 7.5 for image generation. Stable
Diffusion generates images conditioned on CLIP (Radford
etal., 2021) text embeddings. To comply with the maximum
token length allowed for the CLIP Text encoder, we lter
out captions exceeding the maximum token length of 77
tokens. This results in a curated collection of 12,237,187
captions for our multi-image generation. For each individ-
ual caption, we employ different latent noises to generate 25
distinct images. As a result, our nalllS consists of 12M
multi-image set samples, with each image set containing 25
interconnected images. Figure 2 shows an example of ahigure 3: lllustration of Image-Set Attention Module.

image set generated using a single caption from Conceptudihe query token is denoted in a white square and its corre-
12M. sponding key/value attention region is marked by a diagonal

striped pattern.
5. Many-to-many Diffusion (M2M)

We introduce the Many-to-many Diffusion (M2M) frame- l€vel increases over diffusion timesteps

work, designed to perceive and generate an arbitrary numbet, prepare the input for M2M-Self, we concatenate the clean
of interrelated images auto-regressively, as shown in Figurgnq noisy latent codes, resultingzhN = [z4N ; z4N] 2

1. Our framework adpats the pre-trained Stable Diffusion, gg2 N ¢ ' H w_ Here, the symbal denotes the concatena-

text-to-image latent diffusion model, which uses U-Net astjon operation and the fact@rindicates the inclusion of both
the denoising model (), by replacing the text-to-image  cjean and noised latent forms. M2M-Self thus processes the

cross-attention module with our Image-Set Attention modggncatenated tensatN and predicts the noise added to

intricate interconnections within a set of images, thereby

facilitating contextual coherence in multi-image generatlonlmage_Set Attention The core component in M2M-Self

M2M explores various architectural approaches for multiis the Image-Set Attention module, designed for effec-
image generation, with a focus on how preceding image$ive cross-attention from noisy latent to their preceding
are encoded. We discuss two main model variants: thelean ones. The module accepts an input terzsdt
M2M with Self-encoder (M2M-Self) in Section 5.1 and RB? 2 N H W C whereBZ is the batch size. For read-
the M2M with DINO encoder (M2M-DINO) in Section  ability, the superscript : N has been omitted. The inpmt
5.2. M2M-Self leverages the U-Net-based denoising modeis rst partitioned and reshaped into two components: the
to simultaneously process the preceding and the noisy latemoisy lateniz, 2 R®2 (N H W) C andts corresponding
images, enabling cross-attention mechanisms over varioudean lateng, 2 RBZ (N H W) € Thijs transformation
spatial dimensions of the preceding images. Meanwhilegnables a comprehensive cross-attention across the resultant
M2M-DINO explores integrating external vision models lengthofN H  W. These two latents are then projected
to encode preceding images, aiming to complement thand processed via cross-attention (Vaswani et al., 2017):
U-Net's inherent capabilities for encoding images.
K T

_ z° = AttentionQ;K;V ) = Softmaxgpe) V: (4)
5.1. M2M with Self-encoder (M2M-Self) d
During training, given an image sétg, , each image whereQ = WQzQ K = WK ZX andVv = WV z", with
li is encoded individually into the latent codg using @  d indicating latent feature dimension. The cross-attention
pre-trained autoencodey = E(l;). These image latents gperates with the noisy latents as quedfs= z, and
are stacked to construg§™ 2 RN © " W whereN  the clean latents as keys and valaés= zV = z.. We
represents the number of images within eachGes the  31s0 employ multi-head cross-attention, allowing the model
number of latent channels, ahtl andW are the spatial to attend to information from different representation sub-
dimensions of the latent space. The clean lagit is  space (Vaswani et al., 2017). To ensure that each noisy
then noised according to the pre-de ned forward diffusion|atentz! only attends to patches within its preceding clean
schedule to produce the noisy latefi' , where the noise  |atentszS , a causal image-set attention mask is introduced.
T Figure 3(a) visualizes this process with an example of a

Yhttps://huggingface.co/stabilityai/stable-diffusion-2-1-base L
P gaing y query token and the key/value region it allows to attend.
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The output latent®is formed by concatenating the original wherez3'N denotes the clean image latents in M2M-Self
clean latent and the updated noisy latent%s [ z;; z9]. and DINO features in M2M-DINO.

5.2. M2M with DINO encoder (M2M-DINO)

nference As shown in Figure 1, M2M performs auto-

Alongside M2M-Self, which uses the same U'Net'b""s'sdregressive image generation during inference by iteratively

%?Qr(:]':lr}garp?:m :ﬁ;&fg‘fﬁ?'ﬂg;ﬁ%g& Ze:'?grégagsinaiﬁcorporating the images generated in the previous itera-
! ures, ! b X VISION ion as new inputs for next iterations. This process begins

models to enhance the encoding of preceding images wit y generating an initial image, given a set of conditional

more discriminative visual features. Speci cally, we use. . . .
DINOV2 (Oquab et al., 2023), known for its superior perfor-mpUt images, and randomly sampled noise latent codes. Af

mance in understanding ne-arained vision information terward, the model incorporates the previously generated
ceInundersta g he-grained visio ormation. image into the input context for the next generation cycle. In

practice, the number of context images that can be input into
Image-Set Attention In M2M-DINO, each imageli  the model is limited by the prede ned context windaw.
from a setf I gi; is encoded into the latent codg us- At inference time, with a guidance scale 1, the output
ing a pre-trained autoencodgy = E(l;) and DINO fea-  of the model is extrapolated further in the direction of the
turesv' = E(I;) with the DINO image encodef, ().  conditional (z;z3" ;t) and away from the unconditional
These encoded forms are then stacked separately to form(z; 0;t):
zZZN 2 RN € H W gndytN 2 RN S D whereN is
the number of image$ the length of DINO tokens, and

the dimensionality of DINO features. Subsequently, noisy ~ (z; 22Vit)=  (z;0:t)
latentsz}N are constructed frorg}™N following a prede- +s ( (z:28:01) (2:0:1)):
ned noise addition schedule. For clarity, the superscript o Y ©6)

1 : N will be omitted.

The Image-Set Attention module takes in the noisy la-

tentze 2 R® N " W € and the DINO features of Here zi'W is the sequence of context images used as condi-

clean imagess 2 R® N S W_ |t reshapes; into  tional inputs in the generative process.
RBZ (N H W) C gndvintoRY (N S) D g facilitate

the cross-attention. DINO featuresact as keys and values g o Task-speci ¢ Fine-tuning and Inference

zK = zV = v and the noisy image latents as queries

zQ, enabling interaction between noisy and clean featurekine-tuning  Building upon the initial training oMIS, we

as depicted in Figure 3(b). Like M2M-Self, M2M-DINO extend M2M's capabilities through task-speci ¢ ne-tuning
utilizes a causal image-set attention mask, permitting eacter speci ¢ multi-image generation task. This involves in-

noisy latentz} to exclusively attend to its preceding DINO tegrating task-speci ¢ conditionsc, such as positional
features/s . information, camera viewpoints, etc., through additional

embeddings. For M2M-Self, conditions are incorporated
into the hidden states before applying Image-Set Attention
asz'N = z'N + E(cc), whereE () is a general embed-
6.1. Initial Training and Inference ding strategy adapting to different conditions. In M2M

o o o o with DINO encoder, which uses DINO features for encoding
Training Objective  The training process is similar to the preceding images, a distinct conditional embedHef, ),
Latent Diffusion Model (Rombach et al., 2022). We ini- jg applied, represented byN = viN + E (cc). This ap-
tialize the model weights from the Stable Diffusion Model, proach enables the model to incorporate additional contex-
but intentionally exclude the pre-trained text-to-image crossy,g| or spatial information relevant to the task, enhancing its
attention layer, and initialize our Imag_e-Set Attention mOd'capabiIity to generate images aligned with the task-speci ¢
ule from Scratf_f"“- M2M takes the visual featur_ﬁs of therequirements. Similarly, to facilitate classi er-free guidance,
clean imageszg™ , and the noisy latent images;™, as e randomly zero out the task-speci ¢ conditions along with

inputs. The training objective is to predict the noise strengthye clean image conditiaziN with 10% probability.
added to each noised latent image conditioned on the pre-

vious clean image features. We employ an auto-regressive

tr_aining str_ategy, Wh?re the !OSS Is accgmulated over th?nference During inference, M2M employs distinct guid-
difference in the predicted noise of each image: ance scales, for the clean image conditiazg™ andsc

for task-speci ¢ conditionc, enabling re ned control
over image generation based on both image context and task

6. Training and Inference Procedure

L = Eepanyx K ZN;zgN ks (5)
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(a) Content Consistency (b) Style Consistency

Figure 4:Consistency Evaluation in M2M-Self and M2M-DINO: The gure shows the ability of M2M-Self and M2M-

DINO to maintain content (a) and style (b) consistency. Content consistency refers to the model's capacity to generate
images with the same type of subject as preceding ones, while style consistency pertains to maintaining aesthetic elements
like color schemes, textures, and artistic techniques. Each sub gure contains two panels: the top for M2M-Self and the
bottom for M2M-DINO. Columns 1-4 show the conditioning images, and Columns 5-8 display generated images.

needs. Consequently, Equation 6 is adapted as follows: 7.2. Evaluation Metrics

~(z; 28" ;cc) To assess the performance of our models, we emplegtfet
= (z:?:?) Inception Distance (FID) (Heusel et al., 2017) and inception
iw. A score (I1S) (Salimans et al., 2016) to measure the quality
t S (z:20757)  (2:737) of generated images. Additionally, we utilize the CLIP

+sc  (zzzWice)  (z;z¢W;?): (7) score (Radford etal., 2021; Hessel et al., 2021) to measure
the alignment of the generated images with their preceding
images. Our evaluation is conducted on a random selection
of 10K samples from the test split 81S. Furthermore, we
7.1. Datasets present both qualitative evaluations from this test split and
real-world images.

7. Experimental Setup

Pre-training Datasets For pre-training, we leverage our
introducedMIS, as detailed in Section 4. We adopt two . )
distinct subsets of this dataset for training two model vari8- Results and Discussion
ants: M2M with Self-encoder (M2M-Self) and M2M with
DINO encoder (M2M-DINO). Speci cally, the M2M-Self
model is trained on a subset of 9M multi-image examplesin this section, we investigate the model's capacity to cap-
each containing a set &f =5 images. Meanwhile, M2M- ture the relationship or patterns within preceding images and
DINO is trained on a subset consisting of 6M multi-image subsequently generate new images in alignment with the ob-
examples. served patterns. Speci cally, we conduct experiments evalu-
ating the following two key aspects: (1) Content consistency
Task-Speci ¢ Fine-tuning Datasets Visual Goal-Step In- and (2) Style consistency. Content consistency evaluates the
ference (VGSI) (Yang et al., 2021) consists of around 53Kmodel's ability to generate images featuring the same type
wikiHow articles across various everyday tasks. Each articlef subject as in the preceding images. Style consistency, on
contains one or more different methods to achieve it, withthe other hand, examines the model's capability to main-
each method including a series of speci ¢ steps accompdain the aesthetic or stylistic aspects of preceding images,
nied by corresponding images. We employ this dataset tocluding color schemes, textures, and artistic techniques.
construct the visual procedure generation task where the
model generates images depicting future steps given imagd&dontent Consistency In assessing content consistency,
from preceding steps. we applied M2M to the test subset bflS. As shown in

8.1. Ability to Capture the Relationship/Patterns



