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Abstract—The recent success of multi-modal multi-task trans-
former models combined with their ability to learn in a scalable
self-supervised fashion has presented evidence that omnipotent
models trained with heterogeneous data and tasks are within
the realms of possibility. This paper presents several research
questions and impediments related towards the training of
generalized transformer architectures.
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I. BACKGROUND

As transformer [24] based language models in conjunction
with self-supervised learning has come to the forefront of deep
learning research, the application of these models and training
methods for multi-modal and multi-task data has become an
emergent topic. There are many reasons why an omnipotent
model can be intriguing to researchers, the most lofty of these
being general human level intelligence, but many researchers
see the ability to integrate multiple modalities and multiple
tasks as a way to create unified models leverage computation
and data to scale to new challenges.

Much like the language based transformers these models
have evolved from, they are data-hungry and have found success
in part because of their ability to learn in a self-supervised
manner. Individually this learning paradigm has been shown
to be effective for a variety of domains and tasks [16, (14} 25].
With recent success, it seems likely that these modalities can
be combined to train models capable of data and task agnostic
goals and capable of unseen downstream tasks [[17].

Unified multi-modal, multi-task transformer models are
applied to datasets which include heterogeneous inputs and
outputs, both of which are dictated by how the self-supervised
training is implemented. Typically these models learn from
data that is sequentially ordered, but have been applied to
non-sequential based tasks as well [5]. Previously models
that were capable of these tasks were trained individually
(and often different model architectures) for the task at hand
and required time consuming curation and annotation of data.
These new models differ due to the abundance of unlabeled
data they can be trained with and capable of generalizing
without the associated data labeling bottleneck. For these
previous task specific models which would often use fine-tuning,
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models pretrained on one particular dataset would suffer from
issues related to distributional shift and data-alignment for new
downstream tasks [19, |7]. In contrast, the ability for multi-
modal multi-task models to generalize well to new downstream
tasks and data is possible due to the variety of modalities
and amount of scalable data with intrinsic structure they can
simultaneously learn from [/7].

The ideas that underpin multi-modal multi-task models have
been applied in various manners individually for unimodal
data and shown to work quite well (e.g. large language models
(LLMs) [3L]5]), but researchers have now applied these methods
to models that concurrently learn from a variety of datasets and
tasks [26} 20]. These models perform well on multiple tasks
with minimal extension to the model (e.g. a specialized output
decoder layer) or performing well on differing tasks but utilize
one unified model architecture [20, 30} [13]]. Although the multi-
modal distinction may refer to models that use a dataset with
multiple modalities on a single task, the ability for a model to
use heterogeneous samples which come from discrete datasets
is the most intriguing aspect of these new omnipotent models.
With this integration of multiple data sources, experimental
issues about how best to train them along with technical issues
that impact training speed and model complexity have arisen
that are more significant than previous transformer models.

II. PROBLEMS AND CHALLENGES

We discuss several of the open problems and challenges
related to training multi-modal, multi-task transformer models
in terms of experimental open problems as well as a technical
open problem. Experimental open problems refer to topics
and questions that may help guide researchers with empirical
results for working on multi-modal, multi-task models. As some
form of self-supervised training is common for these models,
the questions relate to aspects of the modalities which guide
decisions about the model architecture and in what manner
cross modality interactions will happen.

The technical open problem section mentions one challenge
pertaining to multi-modal data dimensionality which potentially
hinders multi-modal training and research. This technical issue
has workarounds but they are not ideal due to the necessary
scale for which self-supervised training of transformer models
require.



A. Experimental Open Problems

Experimental open problems refer to topics that have not
been fully explored or while explored have yet to be fully
understood in the context of multi-task multi-modal transformer
based models. These problems can be thought of either in terms
of best practices, how the underlying mechanisms relate to the
largely unlabeled datasets they are trained with, or in relation
to the self-supervised methods of how these models are trained.

1) Cross Modality Interactions: Although integrating multi-
ple modalities is an aspect of multi-modal models in general, for
self-supervised learning where the target may be generated in
various ways (compared to supervised learning), the decision
of where these cross modal interactions take place for the
target output is not fully understood. These decisions related
to model architecture and model output will be guided by
where “fusing” of these modalities happens. Whether there is
a best place for this interaction in transformer based models to
happen or how these modalities interact are still open problems
and probing these different cross-modal interactions would be
helpful for guiding architecture developments. Below we give
three common ways in which these cross-modality interactions
may happen and although for clarity they are discussed as
distinct phases, these interactions can be combined in various
ways. For these differing types of interactions, there has been
no deep comparison about how these interactions may impact
the model’s abilities and could be explored by comparing model
performance depending on where fusing happens.

Model Input (Early Fusion)
Fusing the modalities at model input or prior to input
generally relies on projecting each modality to a latent
representation within a sample such that modalities have
similar inner dimensions. A common way models may
do this is by generating an embedding for each modality
and then combining the modalities into single sequence.
Early fusion can allow for the model architecture to be
a single-stream whereby the learned parameters for the
model are trained and shared amongst all data modalities.
LL7] (200 (26] [15]

Intermediate Representations (Mid-Fusion)
Cross-modality interaction during the intermediate layers
can be done by simple operations (adding, concatenat-
ing) but recent work has used cross-attention between
modalities [9].

Late Fusion
With late fusion, the model is effectively processing each
modality in a modality specific stream until the models
output or final layers where the streams are combined.
Where there is no interaction between modalities until the
end, this is similar in many ways to learning a discrete
model for each modality. Late fusion may imply that
modalities will have differing levels of expressiveness due
to computation and dedicated parameters for modality
specific streams.

2) Self-Supervised Data Alignment: While the majority of
multi-modal transformer based pre-training works in a self-

supervised fashion, most of the research for previous multi-
modal models has relied on text-image pairs of well-aligned
data [23| [27, [21]. For new unified, task agnostic models,
the nature of this data is much more likely to be weakly
aligned[29]] and may either contain samples within a batch
that are distributionally very different (for instance one sample
being a video-audio pair and another an observation from an
offline reinforcement learning dataset), or due to the flexibility
of how self-supervised targets can be generated [7/]], different
targets applied for similar data (e.g. one sample of image-text
may be captioning, another may be an image with a related
observation-action pair).

One aspect that has yet to be rigorously studied for multi-
modal self-supervised trained models is the relative importance
of each modality during training. Some preliminary research
[4] gives credence to the notion that text may be more attended
to for transformer based multi-modal models but this has yet to
be explored fully when including more modalities and differing
dataset sample weights. Another way this could be examined for
single-stream models is by utilizing pre-trained embeddings for
some modalities while other modality embeddings are trained
from scratch and comparing relative trade-offs on training time
and computational costs.

3) Transfer-ability: While LLMs have been shown to be
successful when training on downstream tasks (along with
zero-shot and few-shot learning), the problem of how well
these multi-modal and task-agnostic models may transfer to
new problems is largely under-explored [[18]]. Researchers have
begun to explore how well a model may generalize to new
unseen tasks [17, [26]], but the modality of these downstream
tasks has been mostly constrained to text based tasks that are
known to be possible under previous LLMs [3[]. Presumably
this could be explored with new test-set only benchmarks [8§]]
but the breadth of these benchmarks should be expanded to
give a better indicator of the true generality of unified models
(8]

Recent research has given insight into trade-offs relative to
scaling of compute versus data for LLMs [11f]. In the case
of applying self-supervised training to multiple datasets in
unison, scaling a particular dataset or modality of interest may
not be optimal or feasible due to limited availability of data.
Many convolutional based networks are trained in a supervised
fashion on large datasets and fine-tuned for downstream tasks
where less data is available, but outside of language based
transformers this same process has not been deeply studied for
multi-modal multi-task transformer models. The ability to scale
distributionally similar data with self-supervised learning and
fine-tune a model on other downstream tasks seems plausible
given recent success [[17, [13} 20] and could allow researchers
to utilize a universal pre-training schema [6] to reach local
minima in relation to the model and data.

B. Technical Open Problems

While there are various technical problems related to
transformer models (i.e. altering some part of the attention
mechanism [28]] or how a larger transformer can be distilled to
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Fig. 1. Comparison of speeds when processing multi-modal data with differing methods.

a smaller model [22])), the issue of dealing with heterogeneous
modalities and samples is the most relevant as this problem
is greatly exacerbated for research and development of multi-
modal multi-task self-supervised learning.

1) Handling/Processing Multi-Modal Data: When using
multiple datasets where samples have differing modalities,
various decisions about how to handle the data must be
made and requires data loading and collation to be carefully
considered when compared to using unimodal data. For
language only self-supervised training, using the data generally
entails tokenizing then masking in batches, which due to the the
uniformity of the data, allows for it to be padded and contained
within multi-dimensional tensors of a maximum sequence
length. This processes allows for the parallelization of data and
reduces slowdowns from issues related to data bandwidth (i.e.
to and from GPU) and computational overhead [10]. Training
with multiple modalities may still follow a similar process,
but the inability to combine disparate modalities easily in
parallelizable tensors results in slower training and processing
when compared to unimodal data. Differing research approaches
to this problem have included the following:

Handle modalities independently By handling modalities in-
dependently, this is effectively equivalent to a forward and
backward pass with a batch size of one until the modality
fusing takes place.

Batch by samples with similar modalities This entails that
per batch modalities are the same. Because the model
can process each modality individually until the cross-
modality interaction takes place, this is similar to how
multi-modal training (when all contains the same number
of modalities) is currently done [1f]. It is unclear how the
backward pass of a training loop may be impacted when
per batch modality contains only similar types of samples.

Use precomputed embeddings By using embeddings that
are not learned directly (e.g. pretrained image feature
extractors or 3rd party APIs), we save on computational
costs related to training embedding sections of the model
[12, [15]]. These embeddings may still have dimensionality
mismatch and still need to be transformed (either via
preprocessing or through the model).

In figure [T) we show how naive implementations of handling
multi-modal data will have different speeds solely related to
transferring data to and from the GPU. Without advanced
knowledge of how best to handle heterogeneous data in a
training loop, these differences will become amplified and slow
model training further. While the methods mentioned in
have sufficed so far, new work related to handling variable sized
tensors could improve upon this handling while also easing
the development of models handling multi-modal data and
be more on-par with training times associated with unimodal
training. These developments would utilize functionality built
into deep learning frameworks but need further development to
be fully usable in this manner. For TensorFlow and PyTorch the
name of this functionality is RaggedTensors and NestedTensor
respectively. While parts of these are both actively being
developed, this along with ideas from other frameworks [2]]
which put priority on high performance optimized code will
greatly speedup development and training for multi-modal
self-supervised learning.

III. CONCLUSION

By highlighting some of these challenges, our aim is to give
an approachable manner in which research can be furthered and
future results will elucidate further issues and paths forwards
for omnipotent models that are capable of generalizing to any
task.
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