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Figure 1: We demonstrate training a single model on tens of highly diverse modalities without a loss in
performance compared to specialized single/few task models. The modalities are mapped to discrete tokens
using modality-specific tokenizers. The model can generate any of the modalities from any subset of them.
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Abstract
Current multimodal and multitask foundation models, like 4M [65] or Uni-
fiedIO [61, 60], show promising results. However, their out-of-the-box abilities to

accept diverse inputs and perform diverse tasks are limited by the (usually small)
number of modalities and tasks they are trained on. In this paper, we develop
a single any-to-any model trained on tens of highly diverse modalities and by
performing co-training on large-scale multimodal datasets and text corpora. This
includes training on images and text along with several semantic and geometric
modalities, feature maps from recent state of the art models like DINOv2 and
ImageBind, pseudo labels of specialist models like SAM and 4DHumans, and a
range of new modalities that allow for novel ways to interact with the model and
steer the generation, for example, image metadata or color palettes. A crucial step
in this process is performing discrete tokenization on various modalities, whether
they are image-like, neural network feature maps, vectors, structured data like
instance segmentation or human poses, or data that can be represented as text.

Through this, we show the possibility of training one model to solve at least 3x more
tasks/modalities than existing models and doing so without a loss in performance.
In addition, this enables more fine-grained and controllable multimodal generation
capabilities and allows studying the distillation of models trained on diverse data
and objectives into one unified model. We scale the training to a three billion
parameter and different datasets. The multimodal models and training code are
open sourced at https://4m.epfl.ch.
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1 Introduction

Having a single neural network to handle a wide and varied range of tasks and modalities has been
a longstanding goal. Such a model, especially when capable of any-to-any predictions, brings notable
advantages, such as test-time computational efficiency, model size, and enabling modality fusion.

However, multitask learning has commonly faced significant challenges. For example, the training
often suffers from negative transfer, leads to reduction in performance compared to single-task
models, and typically requires careful strategies for balancing losses or gradients [48, 99, 86, ,

]. Moreover, training a single network on tasks and modalities that vary greatly in terms of
dimensionality, data type, and value ranges presents additional complexities’. Recent notable efforts
in the space of multimodal and multitask training, such as Pix2Seq [17, 18], OFA [93], 4M [65], or
Unified-10 [61, 60] have made significant strides in unifying the representation space for conceptually
different inputs and targets. A large part of their success can be attributed to transforming different
modalities into a common representation, namely sequences of discrete tokens, and training relatively
standard Transformer architectures on them. While these works show promising results, they are
typically trained on a small set of modalities. This raises the question if increasing the set of
tasks/modalities the models can solve will lead to a degradation of performance.

We build upon the multimodal masking pre-training scheme [65] and increase its capabilities by
training on tens of highly diverse modalities. Concretely, we add SAM segments [49], 3D human
poses and shapes from 4DHumans [37], canny edges extracted from RGB and SAM instances, color
palettes, multiple types of image, semantic and geometric metadata, as well as T5-XXL [71] text
embeddings, in addition to 7 more common modalities. On top of that, we include dense feature
maps of the recent state of the art models DINOv2 [68] and ImageBind [35], as well as their global
embedding vectors to enable multimodal retrieval abilities. Please see fig. 1 for an overview.

We are able to train a single unified model on diverse modalities by encoding them with modality-
specific discrete tokenizers (see fig. 3). For image-like modalities, e.g. RGB or edges, we train
ViT-based [25] VQ-VAE [66] tokenizers to map the inputs into a small grid of discrete tokens.
For modalities like 3D human poses or image embeddings, we train MLP-based discrete VAEs to
compress them into a small set of discrete tokens. All other modalities that can be mapped to a text
representation, such as captions or metadata, are encoded using a WordPiece tokenizer [24].

The resulting model demonstrates the possibility of training a single model on a large number of
diverse modalities/tasks without any degradation in performance and significantly expands the out-of-
the-box capabilities compared to existing models. Adding all these modalities enables new potential
for multimodal interaction, such as retrieval from and across multiple modalities, or highly steerable
generation of any of the training modalities, all by a single model.

In short, we expand the capabilities of existing models across several key axes:

* Modalities: Increase from 7 in the existing best any-to-any models [65] to 21 diverse
modalities, enabling new capabilities like cross-modal retrieval, controllable generation, and
strong out-of-the-box performance. This is one of the first times in the vision community
that a single model can solve tens of diverse tasks in an any-to-any manner (see fig. 2),
without sacrificing performance and especially do so without any of the conventional
multitask learning difficulties [77, 48, 99, 86, , 33].

* Diversity: Add support for more structured data, such as human poses, SAM instances,
metadata, and color palettes for controllable generation.

» Tokenization: Investigate discrete tokenization of diverse modalities such as global image
embeddings, human poses, and semantic instances using modality-specific approaches.

* Scale: Scale the model size to 3B parameters and dataset to 0.5B samples using [12].

* Co-Training: Demonstrate co-training on vision and language modeling simultaneously.

"Modality vs task: “Modalities” usually denote the inputs to a model (e.g. sensory signals), and “tasks”
usually denote the outputs (e.g. semantics). The adopted architecture in multimodal masked modeling enables a
symmetric input-output structure, thus modalities and tasks are used interchangeably in this paper.



Figure 2:0ne-to-all generation.4M-21can generate all modalities from any given input modality and can
bene t from chained generatiorif]. Notice thehigh consistencgmong the predictions of all modalities for

one input. Each row starts from a different modality coming from the same scene. Highlighted in are new
input/output pairs that 4Md5] cannot predict nor accept as input. Note that, while this gure shows predictions
from a single input4M-21can generate any modality froamy subset of all modalities

2 Method

We adopt the 4M pre-training scheni&] as it has been shown to be a versatile approach that can be

ef ciently scaled to a diverse set of modalities. We keep the architecture and the multimodal masked
training objective the same, but expand upon the model and dataset size, the types and number of
modalities with which we train the model, and train jointly on multiple datasets. All modalities are

rst transformed into sequences of discrete tokens using modality-speci ¢ tokenizers (See g. 3).
During training, random subsets of these tokens are selected from all modalities as inputs and targets,
and the objective is to predict one subset from the other. We rely on pseudo labeling to create a large
pre-training dataset with multiple aligned modalities. See appendix I.1 for a discussion on different
architecture choices.

2.1 Modalities

We train on a large and diverse set of modalities that we group into the following categories: RGB,
geometric, semantic, edges, feature maps, metadata, and text modalities. Below we provide a
summary of them (See g. 1 and appendices D and E for details, and g. 2 for generation examples).

RGB: We include both tokenized and pixel versions of RGB images to facilitate transfer learning. In
particular, discrete tokens enable iterative sampling, making them useful for generative@tasks.[



On the other hand, using RGB pixels as input is more suitable for visual perception tasks. By avoiding
the discrete bottleneck, there is no information loss during the tokenization step, and the projection
layer can be more lightweight. Given these tradeoffs, we follow 4M by training on both and treating
them as separate modalities, with RGB pixels as an input-only modality. We also extalded
palettesfrom RGB images using PyPaletté] [ at varying number of colors. This enables us to
perform conditional generation using desired colors for better artistic control.

Geometric modalities: These contaiisurface normalsdepth and3D human pose& shapewhich
provide important information about the scene geometry. For the rst two, we used Omnidata models
from [27, 4€] for pseudo labeling due to their strong generalization performance. For 3D human
poses and shape, we leverage a recent state-of-the-art model, 4D-Humans [37].

Semantic modalities:We includesemantic segmentati@andbounding boxeto capture the scene
semantics and leverage Mask2Formi&i] and ViTDet [56] models for pseudo labeling. Next to
these, we also incorporated pseudo labels extracted from Segment Anything M@d&lK{M) as
SAM instancefor its strong object representation.

Edges: As recent generative methods such as Controllet][showed, edges carry important
information about the scene layout and semantics that are also useful for conditioning, abstraction,
and sketching. We consider two types of edges, speci caiyny edgesand SAM edges The

former is extracted from the RGB images with OpenCy¥ As Canny edges may contain low-level
information, e.g. shading edges, we also include edges extracted from SAM instances to get a more
semantic boundary map. We tokenize Canny and SAM edges with a shared tokenizer.

Feature maps: We extract embeddings fro@LIP [70], DINOv2[68] andImageBind35] as they
demonstrated strong transfer learning and retrieval capabilities. Previously, tokenized CLIP features
were shown to be an effective target for masked image modeblifigp] that enables distilling a

useful semantic representation of the scene. We follow a similar approach and tokenize the feature
maps from pre-trained CLIP-B16, DINOv2-B14 and ImageBind-H14 models. We also included the
global embeddingef DINOv2 and ImageBind models and tokenized them separately.

Metadata: We extract several useful pieces of information from the RGB images and other modalities,
that can be categorized insemantic metadat@eometric metadatandimage processing metadata
For this, we use functionalities from Pillow [3] OpenCV [1], and Omnidata [27].

The following semantic metadata are extracted from bounding boxes, poses, and segmentation maps:
« Crowdedness scoreaumber of humans (extracted from 4DHumans instances)
* SAM clutter scorenumber of SAM instances
* COCO clutter scorenumber of COCO [57] instances
» COCO instance diversitynumber of uniqgue COCO instance classes
» Objectness scoréb of pixels that belong to countable COCO semantic classes
» Walkability score % of pixels belonging to walkable COCO semantic classes such as “road'
» Semantic diversitynumber of unique COCO semantic classes
» Caption length length of the caption in characters, words, and sentences
These are aimed to capture the semantic regularities of the scene at a more holistic level as opposed
to pixel-based representations.

Similarly, geometric metadata captures the scene geometry more globally. They are extracted from
surface normals and depth maps:

» Geometric complexityangular variance of surface normals
» Occlusion score% of occlusion edges over a xed threshold

Finally, image processing metadata contains several aspects of images stiginatimage height

and widthbefore cropping, which can be used as conditioning to generate higher quality imiafjes [
brightness, contrast, saturation, entrg@ndcolorfulnesq39. Similar to color palette, these help

with encoding low-level image representations into the model and enable more steerable generation.

Text: Large language models (LLMs) trained on large text corpora learn strong representations as
shown by several work& [, 71, 89, 67]. We includecaptionsfrom CC12M [L6] and COYO700M [ 7]



Figure 3:Tokenization overview. We employ suitable tokenization schemes for different modalities based on
their format and performance. For image-like modalities and feature maps, we use spatial VQsVAsEsH

optional diffusion decoders for detail rich modalities like RGB. For non-spatial modalities like global tokens or
parameterized poses, we compress them to a xed number of discrete tokens using Merigdodits MLP
encoders and decoders. All sequence modalities are encoded as text using WotdRidtee[shown examples

are real tokenizer reconstructions. Notice the low reconstruction error. See appendix D for more details and
Fig. 13 for visualizations.

datasets, as well as web text from C4][for language modeling. Next, we employ both a standard
WordPiece 4] tokenizer for captions as5f] as well ascaption embeddingebtained from a
T5-XXL [ 71] encoder to capture better text representations, which have been shown to improve
text-to-image generation delity [80, 14] (See g. 4).

2.2 Tokenization

Tokenization consists of converting modalities and tasks into sequences or distretie tokens

thereby unifying their representation space. This is critical for training large multimodal models as

it confers the following key bene ts: 1) It enables training multimodal and multitask models with

a single pre-training objective. After tokenization, all tasks are formulated as a per-token classi -
cation problem using the cross-entropy loss. This improves training stability, enables full parameter
sharing, and removes the need for task-speci ¢ heads, loss functions, and loss balancing. 2) It makes
generative tasks more tractable by allowing the model to iteratively predict tokens, either autoregres-
sively [72, 96] or through progressive unmaskiniy 14]. 3) It reduces computational complexity by
compressing dense modalities like images into a sparse sequence of tokens. This decreases memory
and compute requirements, which is crucial when scaling up to larger dataset and model sizes.

We use different tokenization approaches to discretize modalities with different characteristics. See
g. 3 for an overview. To summarize, we mainly use three different types of tokenizers, as explained
below. Please see appendices D and H for more details and insights on tokenizer design choices.

VIT tokenizer (with optional diffusion decoder): We trained modality-speci ¢ ViT 15] based
VQ-VAE [66] tokenizers for image-like modalities such as edges and feature maps. The resulting
tokens form a small grid of sizt4 14o0r16 16, according to the pseudo-labeler patch size. The
edge tokenizers use a diffusion decoder [82, 65] to get visually more plausible reconstructions.

MLP tokenizer: For human poses and global embeddings from DINOv2 and ImageBind, we use
Bottleneck MLP [] based discrete VAEs with Memcodes quantizatiof fo tokenize them into a
small number of tokens, e.g. 16.

Text tokenizer: We leverage a WordPiec&4] tokenizer which is used to encode not only text,
but also other modalities such as bounding boxes, color palettes and metadata using a shared set of
special tokens to encode their type and values (See appendix D.6 for details).

2.3 Training details

Datasets:We perform the training in two stages, namely a 4M pre-training stage on a signi cantly
larger image dataset, followed by a ne-tuning phase on a smaller dataset containing a larger number
of modalities. Since thdM-XLmodel showed signs of over tting on sequence modalities when
trained on CC12M1¢6], we re-trained the models on COYO700/], containing 50 times more
samples. COYO700M was pseudo labeled with the same modalities used for 4M. To cut down
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