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Announcements
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• Next week we have a guest lecture! 
 

• Lecture as usual in PO 01 
                           on Tuesday, 1 pm

Andreas Krause 
ETHZ

Adaptation, Fine-Tuning, 
and Test-Time Training

• Next week, Assignment 2 on test-time learning will be online!

Deadline: Wednesday, December 3 at 23:59.

Jonas Hübotter 
ETHZ

2 Weeks!
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Feedback from Evaluation
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“There is no TA session where you can raise your hand and ask specific questions directly to a TA.”

Lecture 

“Amazing course in terms of lectures and guest lectures… The slides are great.”

“The exercises, although some of them extremely difficult and long,  
  help provide a very deep understand.”

Assignments 

“The graded assignment 1 was a bit frustrating because it was really open ended, and not really  
  about us applying concepts from the course but rather trial an error things.”

Exercises 

“The exercises and labs are really hard, I was expecting more assistants guiding us.”
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Where are We?
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Language Foundation ModelsWeek 6

Week 8

Week 9 Foundation Models in Science

Vision Foundation Models
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Week 8’s Exercise Sheet
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Differences among BERT, T5, and GPT Models.


Compare the three Transformer families by architecture, positional encoding, and 
training objective. Explain how encoder-only, encoder-decoder, and decoder-only 
models differ in attention flow and masking; outline each model’s positional encoding 
and its trade-offs; and summarize their objectives, i.e., BERT’s masked LM, T5’s span 
corruption with sentinels, and GPT’s autoregressive prediction.

Exercise 6 · Task 1 .
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Week 8’s Code Demonstration
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Implementation of BERT, T5, and GPT


This exericise walks through the architecture and training pipelines for BERT, T5 and 
GPT models. Concretely, it covers encoder, decoder, encoder-decoder architecture 
implementations, their different training objectives with inputs and targets construction. 
 
➝ Jupyter notebook exercise

Code Notebook 6 · Task 1 .
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Week 9’s Exercise Sheet
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MAE: Concept and Optimal Masking Ratios


Understand how masked pretraining adapts from language to vision, why MAE prevailed 
against alternative pretext tasks, and how different masking strategies affect the learned 
representations. Analyse through information theory why BERT-style models and MAE 
have different optimal masking ratios.

Exercise 7 · Task 1 & 2 .

iBOT: Concept and Mode Collapse Prevention


Compare iBOT's latent space versus MAE's pixel-level reconstruction, explain how iBOT 
was adapted from BERT for images, and analyse how iBOT's student-teacher 
framework differs from BYOL. Understand the mode collaps and how it can be 
prevented through teacher representation centering. 

Exercise 7 · Task 3 & 4 .
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Week 9’s Code Demonstration
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Implementation, Training and PCA evaluation of DINOv2


This exercise walks through the architecture and training pipeline of DINOv2, analyses 
the convergence behaviour of the different loss parts and evaluates the captured 
semantics in the patch tokens through PCA. 
 
➝ Jupyter notebook exercise

Code Notebook 7 · Task 5 .
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Where are We?
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Language Foundation ModelsWeek 6

Week 8

Week 9 Foundation Models in Science

Vision Foundation Models

Multimodality in Foundation ModelsWeek 10

Adaptation, Fine-Tuning, and Test-Time Training
In-Context Learning and Emergent BehaviorWeek 11

World Models and Generative World ModelingWeek 12

Architectures III: Foundation Models in RoboticsWeek 13
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What is Multimodality?
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Modality

Goal of Multimodal Learning: 


A distinct type or format of data that represents information 
through a specific sensory channel or structured representation. 

Learn a model that allows understanding, reasoning, or generation across modalities.

Multimodal systems integrate multiple modalities to leverage complementary information 
from different data types.

Multimodal 
Learning

Unimodal 
Learning
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Why Combine Modalities?
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Complementarity:  
Each modality provides a unique view of the world.

 
Disambiguation:  
Combining modalities reduces uncertainty. 

Generalization:  
Joint learning across modalities improves transfer to new domains and tasks.

 
Human analogy:  
Humans integrate sight, sound, and language seamlessly; multimodal AI aims to do the same.
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Examples of Multimodal Models: Vision-Language Models

12



Charlotte BunneCS-461  ·  Foundation Models and Generative AI

Examples of Multimodal Models: Vision-Language Models
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Multimodal Learning Tasks (cont.)

Visual Reasoning

• Understand relation and interaction
between objects

Source: Zellers, Bisk, Farhadi, et al. 2019 [2]

Visual Entailment

• Determine if a hypothesis can be
concluded from an image

Premise

+

● Two woman are holding 
packages.

● The sisters are hugging 
goodbye while holding to 
go packages after just 
eating lunch.

● The men are fighting 
outside a deli.

=

● Entailment

● Neutral

● Contradiction

Hypothesis Answer

Source: Xie, Lai, Doran, et al. 2019 [3]

AIMI+PRL K. Breininger, V. Christlein ADL – Multimodal Learning SoSe 2023 8/49

“An astronaut riding a horse 
  in a photorealistic style.” Disclaimer!

We will use vision-language models 
as running example of today’s 
lecture but principles translate to 
other modalities and domains.
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Examples of Multimodal Models: Audio-Vision Language Models
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Examples of Multimodal Models in Biology
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Figure 2: Overview of the AI Virtual Cell. a. Similar to biological cells, b. the AI Virtual Cell models cell biology across di!erent
physical scales, including molecular, cellular, and multicellular. Along the physical dimension, the first scale models the state and
interactions of individual molecules, such as those of the central dogma, as well as additional molecules like metabolites. Molecules
can be represented as sequences or atomic structures. The next scale represents cells as collections of these molecules. For example,
such cells contain a genetic sequence, RNA transcripts and some quantities of proteins. Molecules within cells have specific locations
that may be related to their function. The final scale models the interactions between cells, how they communicate and form
complex tissues. Each scale relies on Universal Representations that are learned from multi-modal data and are integrating URs
from the previous scale. c. To capture the behavior and dynamics of physical cells, its components, or collections, d. the AI Virtual
Cell comprises Virtual Instruments. On the cellular scale, for example, Manipulator VIs simulate how cell states change as cells
divide, migrate, develop from progenitor states, or respond to perturbations through learned transitions in the URs. Decoder VIs
allow to decode the cell UR, e.g., to understand phenotypic properties.

living cells using time-lapse microscopy. Cryo-electron
microscopy determines biomolecular structures at near-
atomic resolution81,82. Super-resolution microscopy
o!ers deeper insights into molecular processes through
single-molecule imaging in living systems83,84,85. Com-
plementing imaging approaches, mass spectrometry
and proximity-dependent labeling can unveil protein-
protein associations and provide deeper insights into
cell structure and signaling network rewiring86,87.

From the model architecture perspective, vision
transformers88 or models leveraging convolutional neu-
ral networks (CNNs)89,90 are widely applicable to biolog-
ical images to model across multiple imaging channels
capturing di!erent biological features91,92,93,94, while
being robust to distribution shift and batch variability95.
Autoencoders and transformers have been successfully
applied for learning representations for sequence-based
data96,97,73,98,99. Using AI algorithms to integrate dif-
ferent data modalities collected with sequencing and
imaging technologies creates a multi-view model of the
cell that can be both dynamic and predictive100,101,102.

As the AIVC model grows in complexity, it is cru-
cial to also model cellular organelles and membraneless
compartments103 as units that play specific roles within
the cell. Robustly capturing the functions of these units
is vital to ensure accurate predictions, mechanistic in-
terpretability and model generalizability.

Given their prevalence, the cellular UR will initially
rely on transcriptomics measurements, while imaging
modalities will be key for continued modeling of cellular
spatial organization and dynamics.

Multicellular scale. At the third layer of abstraction,
the AIVC models the organization of cells into a mul-
ticellular UR (Fig. 2a,c). This layer allows for the ex-
ploration of how cell-cell interactions, largely governed
by spatial proximity, combine into tissues, organs and,
ultimately, whole organisms. Multicellular interactions
can be analyzed after tissue dissociation (such as in
scRNA-seq)104 or in situ in a 2D section or 3D volume,
where the tissue structure is preserved. Building the
AIVC will require integration across available modalities
that provide spatial insights, i.e., both spatial molecular
profiling as well as non-molecular tissue imaging data.

There are multiple methods to profile the spatial
location of RNA105, and proteins106 in cells, along with
various imaging methods for select molecular species
(e.g., immunohistochemistry), or with stains for tissue
strucutre alone (e.g., haematoxylin and eosin (H&E)).
Spatial molecular biology is currently a very active area
of research and method development. While publicly
available data are still limited, we foresee a rapid de-
velopment in this domain providing multi-omic 2D and

6

(Bunne et al., 2024)

Lecture 9: FM in Biology

https://www.cell.com/cell/fulltext/S0092-8674(24)01332-1
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Examples of Multimodal Models in Medicine

16
(Moor et al., 2023)

260 | Nature | Vol 616 | 13 April 2023

Perspective

any combination thereof). This flexible interactivity contrasts with 
the constraints of more rigid multimodal models, which always use 
predefined sets of modalities as input and output (for example, must 
always take in images, text and laboratory results together). Third, GMAI 
models will formally represent medical knowledge, allowing them to 
reason through previously unseen tasks and use medically accurate 
language to explain their outputs.

We list concrete strategies for achieving this paradigm shift in medi-
cal AI. Furthermore, we describe a set of potentially high-impact appli-
cations that this new generation of models will enable. Finally, we point 
out core challenges that must be overcome for GMAI to deliver the 
clinical value it promises.

The potential of generalist models in medical AI
GMAI models promise to solve more diverse and challenging tasks than 
current medical AI models, even while requiring little to no labels for 
specific tasks. Of the three defining capabilities of GMAI, two enable 
flexible interactions between the GMAI model and the user: first, the 
ability to carry out tasks that are dynamically specified; and second, 
the ability to support flexible combinations of data modalities. The 
third capability requires that GMAI models formally represent medi-
cal domain knowledge and leverage it to carry out advanced medical 
reasoning. Recent foundation models already exhibit individual aspects 
of GMAI, by flexibly combining several modalities2 or making it possible 
to dynamically specify a new task at test time5, but substantial advances 
are still required to build a GMAI model with all three capabilities. For 
example, existing models that show medical reasoning abilities (such 
as GPT-3 or PaLM) are not multimodal and do not yet generate reliably 
factual statements.

 
Flexible interactions
GMAI offers users the ability to interact with models through cus-
tom queries, making AI insights easier for different audiences to 
understand and offering unprecedented flexibility across tasks and 
settings. In current practice, AI models typically handle a narrow 
set of tasks and produce a rigid, predetermined set of outputs. For 
example, a current model might detect a specific disease, taking 
in one kind of image and always outputting the likelihood of that 
disease. By contrast, a custom query allows users to come up with 
questions on the fly: “Explain the mass appearing on this head MRI 
scan. Is it more likely a tumour or an abscess?”. Furthermore, que-
ries can allow users to customize the format of their outputs: “This 
is a follow-up MRI scan of a patient with glioblastoma. Outline any  
tumours in red”.

Custom queries will enable two key capabilities—dynamic task speci-
fication and multimodal inputs and outputs—as follows.

Dynamic task specification. Custom queries can teach AI mod-
els to solve new problems on the fly, dynamically specifying new 
tasks without requiring models to be retrained. For example, GMAI 
can answer highly specific, previously unseen questions: “Given 
this ultrasound, how thick is the gallbladder wall in millimetres?”.  
Unsurprisingly, a GMAI model may struggle to complete new tasks 
that involve unknown concepts or pathologies. In-context learning 
then allows users to teach the GMAI about a new concept with few 
examples: “Here are the medical histories of ten previous patients 
with an emerging disease, an infection with the Langya henipavirus. 
How likely is it that our current patient is also infected with Langya  
henipavirus?”17.

Medical domain knowledge Flexible interactions

GMAI

Q&A exchanges

Multimodal inputs
and outputs

a

Text

Audio

Multimodal self-supervised training

Literature Publications

Clinical
notes

Knowledge
graphs

Reasoning with multiple
knowledge sources

Dynamic task specification

Images EHRs Signals Omics Graphs

Chatbots for
patients 

Interactive
note-taking   

Augmented
procedures 

Grounded
radiology reports 

Text-to-protein
generation 

Bedside decision
support 

b 

Applications

Regulations: Application approval; validation; audits; community-based challenges; analyses of biases, fairness and diversity

Fig. 1 | Overview of a GMAI model pipeline. a, A GMAI model is trained on 
multiple medical data modalities, through techniques such as self-supervised 
learning. To enable flexible interactions, data modalities such as images or data 
from EHRs can be paired with language, either in the form of text or speech data. 
Next, the GMAI model needs to access various sources of medical knowledge to 
carry out medical reasoning tasks, unlocking a wealth of capabilities that can 
be used in downstream applications. The resulting GMAI model then carries 

out tasks that the user can specify in real time. For this, the GMAI model can 
retrieve contextual information from sources such as knowledge graphs or 
databases, leveraging formal medical knowledge to reason about previously 
unseen tasks. b, The GMAI model builds the foundation for numerous 
applications across clinical disciplines, each requiring careful validation and 
regulatory assessment.

https://www.nature.com/articles/s41586-023-05881-4
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Fig. 2. The information present in di!erent modalities will o"en show diverse qualities, structures, and
representations. Dimensions of heterogeneity can be measured via di!erences in individual elements and
their distribution, the structure of elements, as well as modality information, noise, and task relevance.

these modalities are not independent entities but rather share connections due to complementary
information. Thirdly, modalities interact in di!erent ways when they are integrated for a task. We
expand on these three foundational principles of multimodal research in the following subsections.
2.1 Principle 1: Modalities are Heterogeneous
The principle of heterogeneity re"ects the observation that the information present in di!erent
modalities will often show diverse qualities, structures, and representations. Heterogeneity should
be seen as a spectrum: two images from the same camera which capture the same view modulo
camera wear and tear are closer to homogeneous, two di!erent languages which capture the same
meaning but are di!erent depending on language families are slightly heterogeneous, language and
vision are even more heterogeneous, and so on. In this section, we present a non-exhaustive list of
dimensions of heterogeneity (see Figure 2 for an illustration). These dimensions are complementary
and may overlap; each multimodal problem likely involves heterogeneity in multiple dimensions.
(1) Element representation: Each modality is typically comprised of a set of elements - the most

basic unit of data which cannot (or rather, the user chooses to not) be broken down into further
units [26, 147]. For example, typed text is recorded via a set of characters, videos are recorded
via a set of frames, and graphs are recorded via a set of nodes and edges. What are the basic
elements present in each modality, and how can we represent them? Formally, this dimensions
measures heterogeneity in the sample space or representation space of modality elements.

(2) Distribution refers to the frequency and likelihood of elements inmodalities. Elements typically
follow a unique distribution, with words in a linguistic corpus following Zipf’s Law as a classic
example. Distribution heterogeneity then refers to the di!erences in frequencies and likelihoods
of elements, such as di!erent frequencies in recorded signals and the density of elements.

(3) Structure: Natural data exhibits structure in the way individual elements are composed to form
entire modalities [38]. For example, images exhibit spatial structure across individual object
elements, language is hierarchically composed of individual words, and signals exhibit temporal
structure across time. Structure heterogeneity refers to di!erences in this underlying structure.

(4) Information measures the total information content present in each modality. Subsequently,
information heterogeneity measures the di!erences in information content across modalities,
which could be formally measured by information theoretic metrics [227].

(5) Noise: Noise can be introduced at several levels across naturally occurring data and also during
the data recording process. Natural data noise includes occlusions, imperfections in human-
generated data (e.g., imperfect keyboard typing or unclear speech), or data ambiguity due to
sensor failures [151]. Noise heterogeneity measures di!erences in noise distributions across
modalities, as well as di!erences in signal-to-noise ratio.

(6) Relevance: Finally, each modality shows di!erent relevance toward speci#c tasks and contexts
- certain modalities may be more useful for certain tasks than others [78]. Task relevance
describes how modalities can be used for inference, while context relevance describes how
modalities are contextualized with other modalities.

Preprint, Vol. 1, No. 1, Article 1. Publication date: October 2022.

(Liang et al., 2024)

Multimodal Machine Learning: Dimensions of Heterogeneity
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representations. Dimensions of heterogeneity can be measured via di!erences in individual elements and
their distribution, the structure of elements, as well as modality information, noise, and task relevance.

these modalities are not independent entities but rather share connections due to complementary
information. Thirdly, modalities interact in di!erent ways when they are integrated for a task. We
expand on these three foundational principles of multimodal research in the following subsections.
2.1 Principle 1: Modalities are Heterogeneous
The principle of heterogeneity re"ects the observation that the information present in di!erent
modalities will often show diverse qualities, structures, and representations. Heterogeneity should
be seen as a spectrum: two images from the same camera which capture the same view modulo
camera wear and tear are closer to homogeneous, two di!erent languages which capture the same
meaning but are di!erent depending on language families are slightly heterogeneous, language and
vision are even more heterogeneous, and so on. In this section, we present a non-exhaustive list of
dimensions of heterogeneity (see Figure 2 for an illustration). These dimensions are complementary
and may overlap; each multimodal problem likely involves heterogeneity in multiple dimensions.
(1) Element representation: Each modality is typically comprised of a set of elements - the most

basic unit of data which cannot (or rather, the user chooses to not) be broken down into further
units [26, 147]. For example, typed text is recorded via a set of characters, videos are recorded
via a set of frames, and graphs are recorded via a set of nodes and edges. What are the basic
elements present in each modality, and how can we represent them? Formally, this dimensions
measures heterogeneity in the sample space or representation space of modality elements.

(2) Distribution refers to the frequency and likelihood of elements inmodalities. Elements typically
follow a unique distribution, with words in a linguistic corpus following Zipf’s Law as a classic
example. Distribution heterogeneity then refers to the di!erences in frequencies and likelihoods
of elements, such as di!erent frequencies in recorded signals and the density of elements.

(3) Structure: Natural data exhibits structure in the way individual elements are composed to form
entire modalities [38]. For example, images exhibit spatial structure across individual object
elements, language is hierarchically composed of individual words, and signals exhibit temporal
structure across time. Structure heterogeneity refers to di!erences in this underlying structure.

(4) Information measures the total information content present in each modality. Subsequently,
information heterogeneity measures the di!erences in information content across modalities,
which could be formally measured by information theoretic metrics [227].

(5) Noise: Noise can be introduced at several levels across naturally occurring data and also during
the data recording process. Natural data noise includes occlusions, imperfections in human-
generated data (e.g., imperfect keyboard typing or unclear speech), or data ambiguity due to
sensor failures [151]. Noise heterogeneity measures di!erences in noise distributions across
modalities, as well as di!erences in signal-to-noise ratio.

(6) Relevance: Finally, each modality shows di!erent relevance toward speci#c tasks and contexts
- certain modalities may be more useful for certain tasks than others [78]. Task relevance
describes how modalities can be used for inference, while context relevance describes how
modalities are contextualized with other modalities.

Preprint, Vol. 1, No. 1, Article 1. Publication date: October 2022.
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these modalities are not independent entities but rather share connections due to complementary
information. Thirdly, modalities interact in di!erent ways when they are integrated for a task. We
expand on these three foundational principles of multimodal research in the following subsections.
2.1 Principle 1: Modalities are Heterogeneous
The principle of heterogeneity re"ects the observation that the information present in di!erent
modalities will often show diverse qualities, structures, and representations. Heterogeneity should
be seen as a spectrum: two images from the same camera which capture the same view modulo
camera wear and tear are closer to homogeneous, two di!erent languages which capture the same
meaning but are di!erent depending on language families are slightly heterogeneous, language and
vision are even more heterogeneous, and so on. In this section, we present a non-exhaustive list of
dimensions of heterogeneity (see Figure 2 for an illustration). These dimensions are complementary
and may overlap; each multimodal problem likely involves heterogeneity in multiple dimensions.
(1) Element representation: Each modality is typically comprised of a set of elements - the most

basic unit of data which cannot (or rather, the user chooses to not) be broken down into further
units [26, 147]. For example, typed text is recorded via a set of characters, videos are recorded
via a set of frames, and graphs are recorded via a set of nodes and edges. What are the basic
elements present in each modality, and how can we represent them? Formally, this dimensions
measures heterogeneity in the sample space or representation space of modality elements.

(2) Distribution refers to the frequency and likelihood of elements inmodalities. Elements typically
follow a unique distribution, with words in a linguistic corpus following Zipf’s Law as a classic
example. Distribution heterogeneity then refers to the di!erences in frequencies and likelihoods
of elements, such as di!erent frequencies in recorded signals and the density of elements.

(3) Structure: Natural data exhibits structure in the way individual elements are composed to form
entire modalities [38]. For example, images exhibit spatial structure across individual object
elements, language is hierarchically composed of individual words, and signals exhibit temporal
structure across time. Structure heterogeneity refers to di!erences in this underlying structure.

(4) Information measures the total information content present in each modality. Subsequently,
information heterogeneity measures the di!erences in information content across modalities,
which could be formally measured by information theoretic metrics [227].

(5) Noise: Noise can be introduced at several levels across naturally occurring data and also during
the data recording process. Natural data noise includes occlusions, imperfections in human-
generated data (e.g., imperfect keyboard typing or unclear speech), or data ambiguity due to
sensor failures [151]. Noise heterogeneity measures di!erences in noise distributions across
modalities, as well as di!erences in signal-to-noise ratio.

(6) Relevance: Finally, each modality shows di!erent relevance toward speci#c tasks and contexts
- certain modalities may be more useful for certain tasks than others [78]. Task relevance
describes how modalities can be used for inference, while context relevance describes how
modalities are contextualized with other modalities.

Preprint, Vol. 1, No. 1, Article 1. Publication date: October 2022.
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representations. Dimensions of heterogeneity can be measured via di!erences in individual elements and
their distribution, the structure of elements, as well as modality information, noise, and task relevance.

these modalities are not independent entities but rather share connections due to complementary
information. Thirdly, modalities interact in di!erent ways when they are integrated for a task. We
expand on these three foundational principles of multimodal research in the following subsections.
2.1 Principle 1: Modalities are Heterogeneous
The principle of heterogeneity re"ects the observation that the information present in di!erent
modalities will often show diverse qualities, structures, and representations. Heterogeneity should
be seen as a spectrum: two images from the same camera which capture the same view modulo
camera wear and tear are closer to homogeneous, two di!erent languages which capture the same
meaning but are di!erent depending on language families are slightly heterogeneous, language and
vision are even more heterogeneous, and so on. In this section, we present a non-exhaustive list of
dimensions of heterogeneity (see Figure 2 for an illustration). These dimensions are complementary
and may overlap; each multimodal problem likely involves heterogeneity in multiple dimensions.
(1) Element representation: Each modality is typically comprised of a set of elements - the most

basic unit of data which cannot (or rather, the user chooses to not) be broken down into further
units [26, 147]. For example, typed text is recorded via a set of characters, videos are recorded
via a set of frames, and graphs are recorded via a set of nodes and edges. What are the basic
elements present in each modality, and how can we represent them? Formally, this dimensions
measures heterogeneity in the sample space or representation space of modality elements.

(2) Distribution refers to the frequency and likelihood of elements inmodalities. Elements typically
follow a unique distribution, with words in a linguistic corpus following Zipf’s Law as a classic
example. Distribution heterogeneity then refers to the di!erences in frequencies and likelihoods
of elements, such as di!erent frequencies in recorded signals and the density of elements.

(3) Structure: Natural data exhibits structure in the way individual elements are composed to form
entire modalities [38]. For example, images exhibit spatial structure across individual object
elements, language is hierarchically composed of individual words, and signals exhibit temporal
structure across time. Structure heterogeneity refers to di!erences in this underlying structure.

(4) Information measures the total information content present in each modality. Subsequently,
information heterogeneity measures the di!erences in information content across modalities,
which could be formally measured by information theoretic metrics [227].

(5) Noise: Noise can be introduced at several levels across naturally occurring data and also during
the data recording process. Natural data noise includes occlusions, imperfections in human-
generated data (e.g., imperfect keyboard typing or unclear speech), or data ambiguity due to
sensor failures [151]. Noise heterogeneity measures di!erences in noise distributions across
modalities, as well as di!erences in signal-to-noise ratio.

(6) Relevance: Finally, each modality shows di!erent relevance toward speci#c tasks and contexts
- certain modalities may be more useful for certain tasks than others [78]. Task relevance
describes how modalities can be used for inference, while context relevance describes how
modalities are contextualized with other modalities.
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Fig. 2. The information present in di!erent modalities will o"en show diverse qualities, structures, and
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their distribution, the structure of elements, as well as modality information, noise, and task relevance.

these modalities are not independent entities but rather share connections due to complementary
information. Thirdly, modalities interact in di!erent ways when they are integrated for a task. We
expand on these three foundational principles of multimodal research in the following subsections.
2.1 Principle 1: Modalities are Heterogeneous
The principle of heterogeneity re"ects the observation that the information present in di!erent
modalities will often show diverse qualities, structures, and representations. Heterogeneity should
be seen as a spectrum: two images from the same camera which capture the same view modulo
camera wear and tear are closer to homogeneous, two di!erent languages which capture the same
meaning but are di!erent depending on language families are slightly heterogeneous, language and
vision are even more heterogeneous, and so on. In this section, we present a non-exhaustive list of
dimensions of heterogeneity (see Figure 2 for an illustration). These dimensions are complementary
and may overlap; each multimodal problem likely involves heterogeneity in multiple dimensions.
(1) Element representation: Each modality is typically comprised of a set of elements - the most

basic unit of data which cannot (or rather, the user chooses to not) be broken down into further
units [26, 147]. For example, typed text is recorded via a set of characters, videos are recorded
via a set of frames, and graphs are recorded via a set of nodes and edges. What are the basic
elements present in each modality, and how can we represent them? Formally, this dimensions
measures heterogeneity in the sample space or representation space of modality elements.

(2) Distribution refers to the frequency and likelihood of elements inmodalities. Elements typically
follow a unique distribution, with words in a linguistic corpus following Zipf’s Law as a classic
example. Distribution heterogeneity then refers to the di!erences in frequencies and likelihoods
of elements, such as di!erent frequencies in recorded signals and the density of elements.

(3) Structure: Natural data exhibits structure in the way individual elements are composed to form
entire modalities [38]. For example, images exhibit spatial structure across individual object
elements, language is hierarchically composed of individual words, and signals exhibit temporal
structure across time. Structure heterogeneity refers to di!erences in this underlying structure.

(4) Information measures the total information content present in each modality. Subsequently,
information heterogeneity measures the di!erences in information content across modalities,
which could be formally measured by information theoretic metrics [227].

(5) Noise: Noise can be introduced at several levels across naturally occurring data and also during
the data recording process. Natural data noise includes occlusions, imperfections in human-
generated data (e.g., imperfect keyboard typing or unclear speech), or data ambiguity due to
sensor failures [151]. Noise heterogeneity measures di!erences in noise distributions across
modalities, as well as di!erences in signal-to-noise ratio.

(6) Relevance: Finally, each modality shows di!erent relevance toward speci#c tasks and contexts
- certain modalities may be more useful for certain tasks than others [78]. Task relevance
describes how modalities can be used for inference, while context relevance describes how
modalities are contextualized with other modalities.
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Fig. 3. Modality connections describe how modalities are related and share commonalities, such as corre-
spondences between the same concept in language and images or dependencies across spatial and temporal
dimensions. Connections can be studied through both statistical and semantic perspectives.

It is useful to take these dimensions of heterogeneity into account when studying both unimodal
and multimodal data. In the unimodal case, specialized encoders are typically designed to capture
these unique characteristics in each modality [38]. In the multimodal case, modeling heterogeneity
is useful when learning representations and capturing alignment [314], and is a key subchallenge
in quantifying multimodal models [150].

2.2 Principle 2: Modalities are Connected
Although modalities are heterogeneous, they are often connected due to shared complementary
information. The presence of shared information is often in contrast to unique information that
exists solely in a single modality [290]. Modality connections describe the extent and dimensions
in which information can be shared across modalities. When reasoning about the connections in
multimodal data, it is helpful to think about both bottom-up (statistical) and top-down (semantic)
approaches (see Figure 3). From a statistical data-driven perspective, connections are identi!ed
from distributional patterns in multimodal data, while semantic approaches de!ne connections
based on our domain knowledge about how modalities share and contain unique information.
(1) Statistical association exists when the values of one variable relate to the values of another.

For example, two elements may co-occur with each other, resulting in a higher frequency of
both occurring at the same time. Statistically, this could lead to correlation - the degree in which
elements are linearly related, or other non-linear associations. From a data-driven perspective,
discovering which elements are associated with each other is important for modeling the joint
distributions across modalities during multimodal representation and alignment [257].

(2) Statistical dependence goes deeper than association and requires an understanding of the
exact type of statistical dependency between two elements. For example, is there a causal
dependency from one element to another, or an underlying confounder causing both elements
to be present at the same time? Other forms of dependencies could be spatial or temporal: one
element occurring above the other, or after the other. Typically, while statistical association
can be estimated purely from data, understanding the nature of statistical dependence requires
some knowledge of the elements and their underlying relationships [188, 267].

(3) Semantic correspondence can be seen as the problem of ascertaining which elements in one
modality share the same semantic meaning as elements in another modality [192]. Identify-
ing correspondences is fundamental in many problems related to language grounding [46],
translation and retrieval [203], and cross-modal alignment [248].

(4) Semantic relations: Finally, semantic relations generalize semantic correspondences: instead
of modality elements sharing the same exact meaning, semantic relations includes an attribute
describing the exact nature of the relationship between two modality elements, such as semantic,
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Fig. 3. Modality connections describe how modalities are related and share commonalities, such as corre-
spondences between the same concept in language and images or dependencies across spatial and temporal
dimensions. Connections can be studied through both statistical and semantic perspectives.

It is useful to take these dimensions of heterogeneity into account when studying both unimodal
and multimodal data. In the unimodal case, specialized encoders are typically designed to capture
these unique characteristics in each modality [38]. In the multimodal case, modeling heterogeneity
is useful when learning representations and capturing alignment [314], and is a key subchallenge
in quantifying multimodal models [150].

2.2 Principle 2: Modalities are Connected
Although modalities are heterogeneous, they are often connected due to shared complementary
information. The presence of shared information is often in contrast to unique information that
exists solely in a single modality [290]. Modality connections describe the extent and dimensions
in which information can be shared across modalities. When reasoning about the connections in
multimodal data, it is helpful to think about both bottom-up (statistical) and top-down (semantic)
approaches (see Figure 3). From a statistical data-driven perspective, connections are identi!ed
from distributional patterns in multimodal data, while semantic approaches de!ne connections
based on our domain knowledge about how modalities share and contain unique information.
(1) Statistical association exists when the values of one variable relate to the values of another.

For example, two elements may co-occur with each other, resulting in a higher frequency of
both occurring at the same time. Statistically, this could lead to correlation - the degree in which
elements are linearly related, or other non-linear associations. From a data-driven perspective,
discovering which elements are associated with each other is important for modeling the joint
distributions across modalities during multimodal representation and alignment [257].

(2) Statistical dependence goes deeper than association and requires an understanding of the
exact type of statistical dependency between two elements. For example, is there a causal
dependency from one element to another, or an underlying confounder causing both elements
to be present at the same time? Other forms of dependencies could be spatial or temporal: one
element occurring above the other, or after the other. Typically, while statistical association
can be estimated purely from data, understanding the nature of statistical dependence requires
some knowledge of the elements and their underlying relationships [188, 267].

(3) Semantic correspondence can be seen as the problem of ascertaining which elements in one
modality share the same semantic meaning as elements in another modality [192]. Identify-
ing correspondences is fundamental in many problems related to language grounding [46],
translation and retrieval [203], and cross-modal alignment [248].

(4) Semantic relations: Finally, semantic relations generalize semantic correspondences: instead
of modality elements sharing the same exact meaning, semantic relations includes an attribute
describing the exact nature of the relationship between two modality elements, such as semantic,
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Fig. 3. Modality connections describe how modalities are related and share commonalities, such as corre-
spondences between the same concept in language and images or dependencies across spatial and temporal
dimensions. Connections can be studied through both statistical and semantic perspectives.

It is useful to take these dimensions of heterogeneity into account when studying both unimodal
and multimodal data. In the unimodal case, specialized encoders are typically designed to capture
these unique characteristics in each modality [38]. In the multimodal case, modeling heterogeneity
is useful when learning representations and capturing alignment [314], and is a key subchallenge
in quantifying multimodal models [150].

2.2 Principle 2: Modalities are Connected
Although modalities are heterogeneous, they are often connected due to shared complementary
information. The presence of shared information is often in contrast to unique information that
exists solely in a single modality [290]. Modality connections describe the extent and dimensions
in which information can be shared across modalities. When reasoning about the connections in
multimodal data, it is helpful to think about both bottom-up (statistical) and top-down (semantic)
approaches (see Figure 3). From a statistical data-driven perspective, connections are identi!ed
from distributional patterns in multimodal data, while semantic approaches de!ne connections
based on our domain knowledge about how modalities share and contain unique information.
(1) Statistical association exists when the values of one variable relate to the values of another.

For example, two elements may co-occur with each other, resulting in a higher frequency of
both occurring at the same time. Statistically, this could lead to correlation - the degree in which
elements are linearly related, or other non-linear associations. From a data-driven perspective,
discovering which elements are associated with each other is important for modeling the joint
distributions across modalities during multimodal representation and alignment [257].

(2) Statistical dependence goes deeper than association and requires an understanding of the
exact type of statistical dependency between two elements. For example, is there a causal
dependency from one element to another, or an underlying confounder causing both elements
to be present at the same time? Other forms of dependencies could be spatial or temporal: one
element occurring above the other, or after the other. Typically, while statistical association
can be estimated purely from data, understanding the nature of statistical dependence requires
some knowledge of the elements and their underlying relationships [188, 267].

(3) Semantic correspondence can be seen as the problem of ascertaining which elements in one
modality share the same semantic meaning as elements in another modality [192]. Identify-
ing correspondences is fundamental in many problems related to language grounding [46],
translation and retrieval [203], and cross-modal alignment [248].

(4) Semantic relations: Finally, semantic relations generalize semantic correspondences: instead
of modality elements sharing the same exact meaning, semantic relations includes an attribute
describing the exact nature of the relationship between two modality elements, such as semantic,
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Fig. 4. Several dimensions ofmodality interactions: (1) Interaction information studies whether common
redundant information or unique non-redundant information is involved in interactions; (2) interaction
mechanics study the manner in which interaction occurs, and (3) interaction response studies how the
inferred task changes in the presence of multiple modalities.

logical, causal, or functional relations. Identifying these semantically related connections is
important for higher-order reasoning [26, 172].

2.3 Principle 3: Modalities Interact
Modality interactions study how modality elements interact to give rise to new information
when integrated together for task inference. We note an important di!erence between modality
connections and interactions: connections exist within multimodal data itself, whereas interactions
only arise when modalities are integrated and processed together to bring a new response. In
Figure 4, we provide a high-level illustration of some dimensions of interactions that can exist.
(1) Interaction information investigates the type of connected information that is involved in

an interaction. When an interaction involves shared information common to both modalities,
the interaction is redundant, while a non-redundant interaction is one that does not solely rely
on shared information, and instead relies on di!erent ratios of shared, unique, or possibly even
synergistic information [290].

(2) Interaction mechanics are the functional operators involved when integrating modality
elements for task inference. For example, interactions can be expressed as statistically additive,
non-additive, and non-linear forms [117], as well as from a semantic perspective where two
elements interact through a logical, causal, or temporal operation [268].

(3) Interaction response studies how the inferred response changes in the presence of multiple
modalities. For example, through sub-dividing redundant interactions, we can say that two
modalities create an equivalence response if the multimodal response is the same as responses
from either modality, or enhancement if the multimodal response displays higher con"dence.
On the other hand, non-redundant interactions such as modulation or emergence happen when
there exist di!erent multimodal versus unimodal responses [197].

2.4 Core Technical Challenges
Building on these three core principles and on our detailed review of recent work, we propose a
new taxonomy to characterize the core technical challenges in multimodal research: representation,
alignment, reasoning, generation, transference, and quanti"cation. In Table 1 we summarize our full
taxonomy of these six core challenges, their subchallenges, categories of corresponding approaches,
and recent examples in each category. In the following sections, we describe our new taxonomy
in detail and also revisit the principles of heterogeneity, connections, and interactions to see how
they pose research questions and inspire research in each of these six challenges.
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⊕ Fusion operation

Early:    Single model processes all modalities together from the start.

Late:     Separate models for each modality, combined at output or loss.

Middle: At intermediate feature layers (via fusion or adaptors).

e.g., ViLT, etc. e.g., CLIP, etc. e.g., Flamingo, LLaVA, etc.
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Transformer layer 
of modality 1 or 2

Transformer layer 
shared between modalities

⊕ Fusion operation

Every multimodal model makes a fundamental choice  
about when modalities interact. 


Let’s formalize this with a binary classifier taking inputs  and :u v

<latexit sha1_base64="E+F6t65+erAKiEf7B2+V1q49OIY="></latexit>

y = � (W 2� (W 1[u;v] + b1) + b2)

Modalities mix at the input level

where  denotes the selected fusion operator.[u; v]
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about when modalities interact. 


Let’s formalize this with a binary classifier taking inputs  and :u v
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2.3 Fusion Operations

The interaction between modalities can take many forms. Given modality representations u →

Rdu and v → Rdv :

2.3.1 Linear Operations

Concatenation: z = [u;v] → Rdu+dv (2.9)

Summation: z = W uu+ V vv (2.10)

Maximum: z = max(W uu,V vv) (2.11)

2.3.2 Multiplicative Operations

Element-wise: z = W uu↑ V vv (2.12)

Gating: z = ω(W uu)↑ V vv (2.13)

LSTM-style: z = tanh(W uu)↑ V vv (2.14)

2.3.3 Attention-Based Operations

Weighted: z = εW uu+ ϑV vv (2.15)

where: [ε,ϑ] = softmax([u→
wω,v

→
wε ]) (2.16)

Modulation: z = [εu, (1↓ ε)v] (2.17)

2.3.4 Bilinear Operations

Full Bilinear: z = u
→
Wv → R (2.18)

Bilinear Gated: z = (u→
Wv)ω(v) (2.19)

Low-rank Bilinear: z = u
→
U

→
V v = P(Uu↑ V v) (2.20)

Compact Bilinear: z = FFT↑1(FFT(!(x,h1, s1))↑ FFT(!(x,h2, s2))) (2.21)
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2.3 Fusion Operations

The interaction between modalities can take many forms. Given modality representations u →

Rdu and v → Rdv :
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Early Fusion Late Fusion Middle Fusion

Transformer layer 
of modality 1 or 2

Transformer layer 
shared between modalities

⊕ Fusion operation

Early:    Single model processes all modalities together from the start.

Late:     Separate models for each modality, combined at output or loss.

Middle: At intermediate feature layers (via fusion or adaptors).

e.g., ViLT, etc. e.g., CLIP, etc. e.g., Flamingo, LLaVA, etc.
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Example of Early Fusion Model
Vision and Language Transformer (ViLT)

ViLT: Vision-and-Language Transformer Without Convolution or Region Supervision
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Figure 3. Model overview. Illustration inspired byDosovitskiy et al. (2020).

inference, not to mention that it could hold performance
back.

Grid Feature. Besides detector heads, the output feature
grid of convolutional neural networks such as ResNets can
also be used as visual features for vision-and-language pre-
training. Direct use of grid features was first proposed by
VQA-specific models ( Jiang et al., 2020; Nguyen et al.,
2020), mainly to avoid using severely slow region selection
operations.

X-LXMERT ( Cho et al., 2020) revisited grid features by
fixing the region proposals to grids instead of those from
the region proposal networks. However, their caching of
features excluded further tuning of the backbone.

Pixel-BERT is the only VLP model that replaces the VG-
pre-trained object detector with a ResNet variant backbone
pre-trained with ImageNet classification. Unlike frozen
detectors in region-feature-based VLP models, the backbone
of Pixel-BERT is tuned during vision-and-language pre-
training. The downstream performance of Pixel-BERT with
ResNet-50 falls below region-feature-based VLP models,
but it matches that of other competitors with the use of a
much heavier ResNeXt-152.

We claim that grid features are not the go-to option, however,
since deep CNNs are still expensive that they account for a
large portion of the whole computation as inFigure 1.

Patch Projection. To minimize overhead, we adopt the
simplest visual embedding scheme:linear projection that
operates on image patches. The patch projection embedding
was introduced by ViT (Dosovitskiy et al., 2020) for image
classification tasks. Patch projection drastically simplifies
the visual embedding step to the level of textual embedding,
which also consists of simple projection (lookup) operations.

We use a 32× 32 patch projection which only requires 2.4M
parameters. This is in sharp contrast to complex ResNe(X)t
backbones3 and detection components. Its running time is
also ignorable as shown inFigure 1. We make a detailed
runtime analysis inSection 4.6.

3. Vision-and-Language Transformer

3.1. Model Overview

ViLT has a succinct architecture as a VLP model with a
minimal visual embedding pipeline and following the single-
stream approach.

We deviate from the literature that we initialize the inter-
action transformer weights from pre-trained ViT instead
of BERT. Such initialization exploits the power of the in-
teraction layers to process visual features while lacking a
separate deep visual embedder.4

t̄ = [tclass; t1T ; · · · ; tL T ] + T pos (1)
v̄ = [vclass; v1V ; · · · ; vN V ] + V pos (2)

z0 = [t̄+ ttype; v̄ + vtype] (3)

ẑd = MSA (LN (zd− 1)) + zd− 1 , d = 1 . . . D (4)

zd = MLP (LN (ẑd)) + ẑd, d = 1 . . . D (5)

p = tanh(zD0 Wpool) (6)

ViT consists of stacked blocks that include a multiheaded
self-attention (MSA) layer and an MLP layer. The posi-
tion oflayer normalization (LN) in ViT is the only differ-
ence from BERT: LN comes after MSA and MLP in BERT
(“post-norm”) and before in ViT (“pre-norm”). The input

3Parameters for R50 is 25M, R101 is 44M, and X152 is 60M.
4We also experimented with initializing the layers from BERT

weights and using the pre-trained patch projection from ViT, but it
did not work.

Single-stream early fusion: tokenize text and image patches, add modality and 
position embeddings, then process the interleaved tokens with one transformer encoder.

Key Idea:

(Kim et al., 2021)

https://proceedings.mlr.press/v139/kim21k/kim21k.pdf
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Grid Feature. Besides detector heads, the output feature
grid of convolutional neural networks such as ResNets can
also be used as visual features for vision-and-language pre-
training. Direct use of grid features was first proposed by
VQA-specific models ( Jiang et al., 2020; Nguyen et al.,
2020), mainly to avoid using severely slow region selection
operations.

X-LXMERT ( Cho et al., 2020) revisited grid features by
fixing the region proposals to grids instead of those from
the region proposal networks. However, their caching of
features excluded further tuning of the backbone.

Pixel-BERT is the only VLP model that replaces the VG-
pre-trained object detector with a ResNet variant backbone
pre-trained with ImageNet classification. Unlike frozen
detectors in region-feature-based VLP models, the backbone
of Pixel-BERT is tuned during vision-and-language pre-
training. The downstream performance of Pixel-BERT with
ResNet-50 falls below region-feature-based VLP models,
but it matches that of other competitors with the use of a
much heavier ResNeXt-152.

We claim that grid features are not the go-to option, however,
since deep CNNs are still expensive that they account for a
large portion of the whole computation as inFigure 1.

Patch Projection. To minimize overhead, we adopt the
simplest visual embedding scheme:linear projection that
operates on image patches. The patch projection embedding
was introduced by ViT (Dosovitskiy et al., 2020) for image
classification tasks. Patch projection drastically simplifies
the visual embedding step to the level of textual embedding,
which also consists of simple projection (lookup) operations.

We use a 32× 32 patch projection which only requires 2.4M
parameters. This is in sharp contrast to complex ResNe(X)t
backbones3 and detection components. Its running time is
also ignorable as shown inFigure 1. We make a detailed
runtime analysis inSection 4.6.

3. Vision-and-Language Transformer

3.1. Model Overview

ViLT has a succinct architecture as a VLP model with a
minimal visual embedding pipeline and following the single-
stream approach.

We deviate from the literature that we initialize the inter-
action transformer weights from pre-trained ViT instead
of BERT. Such initialization exploits the power of the in-
teraction layers to process visual features while lacking a
separate deep visual embedder.4

t̄ = [tclass; t1T ; · · · ; tL T ] + T pos (1)
v̄ = [vclass; v1V ; · · · ; vN V ] + V pos (2)

z0 = [t̄+ ttype; v̄ + vtype] (3)

ẑd = MSA (LN (zd− 1)) + zd− 1 , d = 1 . . . D (4)

zd = MLP (LN (ẑd)) + ẑd, d = 1 . . . D (5)

p = tanh(zD0 Wpool) (6)

ViT consists of stacked blocks that include a multiheaded
self-attention (MSA) layer and an MLP layer. The posi-
tion oflayer normalization (LN) in ViT is the only differ-
ence from BERT: LN comes after MSA and MLP in BERT
(“post-norm”) and before in ViT (“pre-norm”). The input

3Parameters for R50 is 25M, R101 is 44M, and X152 is 60M.
4We also experimented with initializing the layers from BERT

weights and using the pre-trained patch projection from ViT, but it
did not work.

Vi
LT

 L
os

se
s • Image-Text Matching:  

Binary classification on [CLS] to decide if the image-sentence pair is matched or mismatched.

• Masked Language Modeling:  

Mask some text tokens and predict them conditioned on the image and remaining text.

• Word-Patch Alignment via Optimal Transport:  

Encourage fine-grained correspondences between word embeddings and image patch 
embeddings by minimizing an OT distance between the two token sets.

Self-supervised or weakly supervised signals 

that emerge from the multimodal pairing itself!

(Kim et al., 2021)

https://proceedings.mlr.press/v139/kim21k/kim21k.pdf
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Figure 2. Four categories of vision-and-language models. The height of each rectangle denotes its relative computational size. VE, TE,
and MI are short for visual embedder, textual embedder, and modality interaction, respectively.

BERT ( Huang et al., 2020) is one exception of this trend,
as it uses ResNet variants (He et al., 2016; Xie et al. , 2017)
pre-trained on ImageNet classification (Russakovsky et al.,
2015) embedding pixels in place of object detection mod-
ules.

To this date, most VLP studies have focused on improving
performance by increasing the power of visual embedders.
The shortcomings of having a heavy visual embedder are
often disregarded in academic experiments because region
features are commonly cached in advance at training time
to ease the burden offeature extraction. However, the lim-
itations are still evident in real-world applications as the
queries in the wild have to undergo a slow extraction pro-
cess.

To this end, we shift our attention to the lightweight and fast
embedding of visual inputs. Recent work (Dosovitskiy et al.,
2020; Touvron et al., 2020) demonstrated that using a simple
linear projection of a patch is effective enough to embed
pixels before feeding them into transformers. Whereas being
the solid mainstream for text (Devlin et al., 2019), it is only
recently that transformers (Vaswani et al., 2017) are used for
images as well. We presume that the transformer module–
used for modality interaction in VLP models– can also
manage to process visual features in place of a convolutional
visual embedder, just as it processes textual features.

This paper proposes the Vision-and-Language Transformer
(ViLT) that handles two modalities in a single unified man-
ner. It mainly differs from previous VLP models in its
shallow, convolution-free embedding of pixel-level inputs.
Removing deep embedders solely dedicated to visual in-
puts significantly cuts down the model size and running
time by design.Figure 1 shows that our parameter-efficient
model is tens of times faster than VLP models with region
features and at least four times faster than those with grid
features while exhibiting similar or even better performance
on vision-and-language downstream tasks.

Our key contributions can be summarized as follows:

• ViLT is the simplestarchitecture by far for a vision-
and-language model as it commissions the transformer
module to extract and process visual features in place
of a separate deep visual embedder. This design in-
herently leads to significant runtime and parameter
efficiency.

• For the first time, we achieve competent performance
on vision-and-language tasks without using region fea-
tures or deep convolutional visual embedders in gen-
eral.

• Also, for the first time, we empirically show that whole
word masking and image augmentations that were un-
precedented in VLP training schemes further drive
downstream performance.

2. Background

2.1. Taxonomy of Vision-and-Language Models

We propose a taxonomy of vision-and-language models
based on two points: (1) whether the two modalities have an
even level of expressiveness in terms of dedicated parame-
ters and/or computation; and (2) whether the two modalities
interact in a deep network. A combination of these points
leads to four archetypes inFigure 2.

The visual semantic embedding(VSE) models such as
VSE++ ( Faghri et al., 2017) and SCAN ( Lee et al., 2018)
belong toFigure 2a. They use separate embedders for image
and text, with the former being much heavier. Then, they
represent the similarity of the embedded features from the
two modalities with simple dot products or shallow attention
layers.

CLIP ( Radford et al., 2021) belongs toFigure 2b as it uses
separate but equally expensive transformer embedders for
each modality. Interaction between the pooled image vec-
tor and text vector is still shallow (dot product). Despite
CLIP’s remarkable zero-shot performance on image-to-text

VE: Vision Encoder

TE: Text Encoder

MI: Modality Interaction

(Kim et al., 2021)

Taxonomy and design choices of vision-language models:

e.g., CLIP  
as example of late fusion

e.g., ViLT  
as example of early fusion
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efficiency.
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tures or deep convolutional visual embedders in gen-
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• For the first time, we achieve competent performance
on vision-and-language tasks without using region fea-
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precedented in VLP training schemes further drive
downstream performance.

2. Background

2.1. Taxonomy of Vision-and-Language Models

We propose a taxonomy of vision-and-language models
based on two points: (1) whether the two modalities have an
even level of expressiveness in terms of dedicated parame-
ters and/or computation; and (2) whether the two modalities
interact in a deep network. A combination of these points
leads to four archetypes inFigure 2.

The visual semantic embedding(VSE) models such as
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BERT ( Huang et al., 2020) is one exception of this trend,
as it uses ResNet variants (He et al., 2016; Xie et al. , 2017)
pre-trained on ImageNet classification (Russakovsky et al.,
2015) embedding pixels in place of object detection mod-
ules.

To this date, most VLP studies have focused on improving
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often disregarded in academic experiments because region
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itations are still evident in real-world applications as the
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To this end, we shift our attention to the lightweight and fast
embedding of visual inputs. Recent work (Dosovitskiy et al.,
2020; Touvron et al., 2020) demonstrated that using a simple
linear projection of a patch is effective enough to embed
pixels before feeding them into transformers. Whereas being
the solid mainstream for text (Devlin et al., 2019), it is only
recently that transformers (Vaswani et al., 2017) are used for
images as well. We presume that the transformer module–
used for modality interaction in VLP models– can also
manage to process visual features in place of a convolutional
visual embedder, just as it processes textual features.

This paper proposes the Vision-and-Language Transformer
(ViLT) that handles two modalities in a single unified man-
ner. It mainly differs from previous VLP models in its
shallow, convolution-free embedding of pixel-level inputs.
Removing deep embedders solely dedicated to visual in-
puts significantly cuts down the model size and running
time by design.Figure 1 shows that our parameter-efficient
model is tens of times faster than VLP models with region
features and at least four times faster than those with grid
features while exhibiting similar or even better performance
on vision-and-language downstream tasks.

Our key contributions can be summarized as follows:

• ViLT is the simplestarchitecture by far for a vision-
and-language model as it commissions the transformer
module to extract and process visual features in place
of a separate deep visual embedder. This design in-
herently leads to significant runtime and parameter
efficiency.

• For the first time, we achieve competent performance
on vision-and-language tasks without using region fea-
tures or deep convolutional visual embedders in gen-
eral.

• Also, for the first time, we empirically show that whole
word masking and image augmentations that were un-
precedented in VLP training schemes further drive
downstream performance.

2. Background

2.1. Taxonomy of Vision-and-Language Models

We propose a taxonomy of vision-and-language models
based on two points: (1) whether the two modalities have an
even level of expressiveness in terms of dedicated parame-
ters and/or computation; and (2) whether the two modalities
interact in a deep network. A combination of these points
leads to four archetypes inFigure 2.

The visual semantic embedding(VSE) models such as
VSE++ ( Faghri et al., 2017) and SCAN ( Lee et al., 2018)
belong toFigure 2a. They use separate embedders for image
and text, with the former being much heavier. Then, they
represent the similarity of the embedded features from the
two modalities with simple dot products or shallow attention
layers.

CLIP ( Radford et al., 2021) belongs toFigure 2b as it uses
separate but equally expensive transformer embedders for
each modality. Interaction between the pooled image vec-
tor and text vector is still shallow (dot product). Despite
CLIP’s remarkable zero-shot performance on image-to-text

https://proceedings.mlr.press/v139/kim21k/kim21k.pdf


Charlotte BunneCS-461  ·  Foundation Models and Generative AI

Examples of Multimodal Models: ViLT

30

Example of Early Fusion Model
Vision and Language Transformer (ViLT)

ViLT: Vision-and-Language Transformer Without Convolution or Region Supervision

Transformer Encoder

Linear Projection of Flattened PatchesWord Embedding

a stone near an [MASK]statue
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Patch position embedding

Token position embedding

Modal-type embedding

Extra learnable [class] embedding* *

Masked Language Modeling

officeTrue
Image Text Matching

Pooler MLPFC OT

zD |t zD |v

zD |t zD |v

Word Patch Alignment

Figure 3. Model overview. Illustration inspired byDosovitskiy et al. (2020).

inference, not to mention that it could hold performance
back.

Grid Feature. Besides detector heads, the output feature
grid of convolutional neural networks such as ResNets can
also be used as visual features for vision-and-language pre-
training. Direct use of grid features was first proposed by
VQA-specific models ( Jiang et al., 2020; Nguyen et al.,
2020), mainly to avoid using severely slow region selection
operations.

X-LXMERT ( Cho et al., 2020) revisited grid features by
fixing the region proposals to grids instead of those from
the region proposal networks. However, their caching of
features excluded further tuning of the backbone.

Pixel-BERT is the only VLP model that replaces the VG-
pre-trained object detector with a ResNet variant backbone
pre-trained with ImageNet classification. Unlike frozen
detectors in region-feature-based VLP models, the backbone
of Pixel-BERT is tuned during vision-and-language pre-
training. The downstream performance of Pixel-BERT with
ResNet-50 falls below region-feature-based VLP models,
but it matches that of other competitors with the use of a
much heavier ResNeXt-152.

We claim that grid features are not the go-to option, however,
since deep CNNs are still expensive that they account for a
large portion of the whole computation as inFigure 1.

Patch Projection. To minimize overhead, we adopt the
simplest visual embedding scheme:linear projection that
operates on image patches. The patch projection embedding
was introduced by ViT (Dosovitskiy et al., 2020) for image
classification tasks. Patch projection drastically simplifies
the visual embedding step to the level of textual embedding,
which also consists of simple projection (lookup) operations.

We use a 32× 32 patch projection which only requires 2.4M
parameters. This is in sharp contrast to complex ResNe(X)t
backbones3 and detection components. Its running time is
also ignorable as shown inFigure 1. We make a detailed
runtime analysis inSection 4.6.

3. Vision-and-Language Transformer

3.1. Model Overview

ViLT has a succinct architecture as a VLP model with a
minimal visual embedding pipeline and following the single-
stream approach.

We deviate from the literature that we initialize the inter-
action transformer weights from pre-trained ViT instead
of BERT. Such initialization exploits the power of the in-
teraction layers to process visual features while lacking a
separate deep visual embedder.4

t̄ = [tclass; t1T ; · · · ; tL T ] + T pos (1)
v̄ = [vclass; v1V ; · · · ; vN V ] + V pos (2)

z0 = [t̄+ ttype; v̄ + vtype] (3)

ẑd = MSA (LN (zd− 1)) + zd− 1 , d = 1 . . . D (4)

zd = MLP (LN (ẑd)) + ẑd, d = 1 . . . D (5)

p = tanh(zD0 Wpool) (6)

ViT consists of stacked blocks that include a multiheaded
self-attention (MSA) layer and an MLP layer. The posi-
tion oflayer normalization (LN) in ViT is the only differ-
ence from BERT: LN comes after MSA and MLP in BERT
(“post-norm”) and before in ViT (“pre-norm”). The input

3Parameters for R50 is 25M, R101 is 44M, and X152 is 60M.
4We also experimented with initializing the layers from BERT

weights and using the pre-trained patch projection from ViT, but it
did not work.

ViLT shows early fusion: text tokens and image patches enter 
one shared transformer, which learns cross-modal interactions 
via self-attention and multimodal self-supervised losses.

Summary
(Kim et al., 2021)

https://proceedings.mlr.press/v139/kim21k/kim21k.pdf
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Example of Late Fusion Model

(Radford et al., 2021)
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Figure 1. Summary of our approach. While standard image models jointly train an image feature extractor and a linear classifier to predict
some label, CLIP jointly trains an image encoder and a text encoder to predict the correct pairings of a batch of (image, text) training
examples. At test time the learned text encoder synthesizes a zero-shot linear classifier by embedding the names or descriptions of the
target dataset’s classes.

classification datasets by scoring target classes based on
their dictionary of learned visual n-grams and predicting the
one with the highest score. Adopting more recent architec-
tures and pre-training approaches, VirTex (Desai & Johnson,
2020), ICMLM (Bulent Sariyildiz et al., 2020), and Con-
VIRT (Zhang et al., 2020) have recently demonstrated the
potential of transformer-based language modeling, masked
language modeling, and contrastive objectives to learn im-
age representations from text.

While exciting as proofs of concept, using natural language
supervision for image representation learning is still rare.
This is likely because demonstrated performance on com-
mon benchmarks is much lower than alternative approaches.
For example, Li et al. (2017) reach only 11.5% accuracy
on ImageNet in a zero-shot setting. This is well below the
88.4% accuracy of the current state of the art (Xie et al.,
2020). It is even below the 50% accuracy of classic com-
puter vision approaches (Deng et al., 2012). Instead, more
narrowly scoped but well-targeted uses of weak supervision
have improved performance. Mahajan et al. (2018) showed
that predicting ImageNet-related hashtags on Instagram im-
ages is an effective pre-training task. When fine-tuned to
ImageNet these pre-trained models increased accuracy by
over 5% and improved the overall state of the art at the time.
Kolesnikov et al. (2019) and Dosovitskiy et al. (2020) have
also demonstrated large gains on a broader set of transfer
benchmarks by pre-training models to predict the classes of
the noisily labeled JFT-300M dataset.

This line of work represents the current pragmatic middle
ground between learning from a limited amount of super-
vised “gold-labels” and learning from practically unlimited
amounts of raw text. However, it is not without compro-

mises. Both works carefully design, and in the process limit,
their supervision to 1000 and 18291 classes respectively.
Natural language is able to express, and therefore supervise,
a much wider set of visual concepts through its general-
ity. Both approaches also use static softmax classifiers to
perform prediction and lack a mechanism for dynamic out-
puts. This severely curtails their flexibility and limits their
“zero-shot” capabilities.

A crucial difference between these weakly supervised mod-
els and recent explorations of learning image representations
directly from natural language is scale. While Mahajan et al.
(2018) and Kolesnikov et al. (2019) trained their models for
accelerator years on millions to billions of images, VirTex,
ICMLM, and ConVIRT trained for accelerator days on one
to two hundred thousand images. In this work, we close
this gap and study the behaviors of image classifiers trained
with natural language supervision at large scale. Enabled
by the large amounts of publicly available data of this form
on the internet, we create a new dataset of 400 million (im-
age, text) pairs and demonstrate that a simplified version of
ConVIRT trained from scratch, which we call CLIP, for Con-
trastive Language-Image Pre-training, is an efficient method
of learning from natural language supervision. We study
the scalability of CLIP by training a series of eight models
spanning almost 2 orders of magnitude of compute and ob-
serve that transfer performance is a smoothly predictable
function of compute (Hestness et al., 2017; Kaplan et al.,
2020). We find that CLIP, similar to the GPT family, learns
to perform a wide set of tasks during pre-training including
OCR, geo-localization, action recognition, and many others.
We measure this by benchmarking the zero-shot transfer
performance of CLIP on over 30 existing datasets and find

Language  
Foundation Model

Vision  
Foundation Model

Text 
Encoder

Image 
Encoder

Contrastive Language–Image Pretraining (CLIP) aligns image and text embeddings by training 
two separate encoders, a vision and a language model, on large-scale image–caption pairs.

… trained via contrastive objective:

model learns by maximizing the similarity 
of matching pairs and minimizing it for 
non-matching pairs.

<latexit sha1_base64="peW3hQQ6TQ9t43FQj07G9HsxvZY="></latexit>

LInfoNCE = � log
exp (sim (Ii, Ti) /⌧)P
j exp (sim (Ii, Tj) /⌧)

InfoNCE Loss
across all pairs in a batch:

https://arxiv.org/pdf/2103.00020
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Example of Late Fusion Model

(Radford et al., 2021)

Dataset
‣ 400M (image, text) pairs  

from the Internet
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at least 100 times in English Wikipedia

‣ ~20k (image, text) pairs per query
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Figure 1. Summary of our approach. While standard image models jointly train an image feature extractor and a linear classifier to predict
some label, CLIP jointly trains an image encoder and a text encoder to predict the correct pairings of a batch of (image, text) training
examples. At test time the learned text encoder synthesizes a zero-shot linear classifier by embedding the names or descriptions of the
target dataset’s classes.

classification datasets by scoring target classes based on
their dictionary of learned visual n-grams and predicting the
one with the highest score. Adopting more recent architec-
tures and pre-training approaches, VirTex (Desai & Johnson,
2020), ICMLM (Bulent Sariyildiz et al., 2020), and Con-
VIRT (Zhang et al., 2020) have recently demonstrated the
potential of transformer-based language modeling, masked
language modeling, and contrastive objectives to learn im-
age representations from text.

While exciting as proofs of concept, using natural language
supervision for image representation learning is still rare.
This is likely because demonstrated performance on com-
mon benchmarks is much lower than alternative approaches.
For example, Li et al. (2017) reach only 11.5% accuracy
on ImageNet in a zero-shot setting. This is well below the
88.4% accuracy of the current state of the art (Xie et al.,
2020). It is even below the 50% accuracy of classic com-
puter vision approaches (Deng et al., 2012). Instead, more
narrowly scoped but well-targeted uses of weak supervision
have improved performance. Mahajan et al. (2018) showed
that predicting ImageNet-related hashtags on Instagram im-
ages is an effective pre-training task. When fine-tuned to
ImageNet these pre-trained models increased accuracy by
over 5% and improved the overall state of the art at the time.
Kolesnikov et al. (2019) and Dosovitskiy et al. (2020) have
also demonstrated large gains on a broader set of transfer
benchmarks by pre-training models to predict the classes of
the noisily labeled JFT-300M dataset.

This line of work represents the current pragmatic middle
ground between learning from a limited amount of super-
vised “gold-labels” and learning from practically unlimited
amounts of raw text. However, it is not without compro-

mises. Both works carefully design, and in the process limit,
their supervision to 1000 and 18291 classes respectively.
Natural language is able to express, and therefore supervise,
a much wider set of visual concepts through its general-
ity. Both approaches also use static softmax classifiers to
perform prediction and lack a mechanism for dynamic out-
puts. This severely curtails their flexibility and limits their
“zero-shot” capabilities.

A crucial difference between these weakly supervised mod-
els and recent explorations of learning image representations
directly from natural language is scale. While Mahajan et al.
(2018) and Kolesnikov et al. (2019) trained their models for
accelerator years on millions to billions of images, VirTex,
ICMLM, and ConVIRT trained for accelerator days on one
to two hundred thousand images. In this work, we close
this gap and study the behaviors of image classifiers trained
with natural language supervision at large scale. Enabled
by the large amounts of publicly available data of this form
on the internet, we create a new dataset of 400 million (im-
age, text) pairs and demonstrate that a simplified version of
ConVIRT trained from scratch, which we call CLIP, for Con-
trastive Language-Image Pre-training, is an efficient method
of learning from natural language supervision. We study
the scalability of CLIP by training a series of eight models
spanning almost 2 orders of magnitude of compute and ob-
serve that transfer performance is a smoothly predictable
function of compute (Hestness et al., 2017; Kaplan et al.,
2020). We find that CLIP, similar to the GPT family, learns
to perform a wide set of tasks during pre-training including
OCR, geo-localization, action recognition, and many others.
We measure this by benchmarking the zero-shot transfer
performance of CLIP on over 30 existing datasets and find
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Vision  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Encoder
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Encoder

Massive and weakly supervised: CLIP was trained on web-scale image-
text pairs, capturing natural language descriptions rather than fixed labels.

Diversity is the supervision: the variety of captions provides open-
vocabulary semantic grounding that fixed category datasets cannot offer.

Why does this work?
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Example of Late Fusion Model

(Radford et al., 2021)
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Figure 1. Summary of our approach. While standard image models jointly train an image feature extractor and a linear classifier to predict
some label, CLIP jointly trains an image encoder and a text encoder to predict the correct pairings of a batch of (image, text) training
examples. At test time the learned text encoder synthesizes a zero-shot linear classifier by embedding the names or descriptions of the
target dataset’s classes.

classification datasets by scoring target classes based on
their dictionary of learned visual n-grams and predicting the
one with the highest score. Adopting more recent architec-
tures and pre-training approaches, VirTex (Desai & Johnson,
2020), ICMLM (Bulent Sariyildiz et al., 2020), and Con-
VIRT (Zhang et al., 2020) have recently demonstrated the
potential of transformer-based language modeling, masked
language modeling, and contrastive objectives to learn im-
age representations from text.

While exciting as proofs of concept, using natural language
supervision for image representation learning is still rare.
This is likely because demonstrated performance on com-
mon benchmarks is much lower than alternative approaches.
For example, Li et al. (2017) reach only 11.5% accuracy
on ImageNet in a zero-shot setting. This is well below the
88.4% accuracy of the current state of the art (Xie et al.,
2020). It is even below the 50% accuracy of classic com-
puter vision approaches (Deng et al., 2012). Instead, more
narrowly scoped but well-targeted uses of weak supervision
have improved performance. Mahajan et al. (2018) showed
that predicting ImageNet-related hashtags on Instagram im-
ages is an effective pre-training task. When fine-tuned to
ImageNet these pre-trained models increased accuracy by
over 5% and improved the overall state of the art at the time.
Kolesnikov et al. (2019) and Dosovitskiy et al. (2020) have
also demonstrated large gains on a broader set of transfer
benchmarks by pre-training models to predict the classes of
the noisily labeled JFT-300M dataset.

This line of work represents the current pragmatic middle
ground between learning from a limited amount of super-
vised “gold-labels” and learning from practically unlimited
amounts of raw text. However, it is not without compro-

mises. Both works carefully design, and in the process limit,
their supervision to 1000 and 18291 classes respectively.
Natural language is able to express, and therefore supervise,
a much wider set of visual concepts through its general-
ity. Both approaches also use static softmax classifiers to
perform prediction and lack a mechanism for dynamic out-
puts. This severely curtails their flexibility and limits their
“zero-shot” capabilities.

A crucial difference between these weakly supervised mod-
els and recent explorations of learning image representations
directly from natural language is scale. While Mahajan et al.
(2018) and Kolesnikov et al. (2019) trained their models for
accelerator years on millions to billions of images, VirTex,
ICMLM, and ConVIRT trained for accelerator days on one
to two hundred thousand images. In this work, we close
this gap and study the behaviors of image classifiers trained
with natural language supervision at large scale. Enabled
by the large amounts of publicly available data of this form
on the internet, we create a new dataset of 400 million (im-
age, text) pairs and demonstrate that a simplified version of
ConVIRT trained from scratch, which we call CLIP, for Con-
trastive Language-Image Pre-training, is an efficient method
of learning from natural language supervision. We study
the scalability of CLIP by training a series of eight models
spanning almost 2 orders of magnitude of compute and ob-
serve that transfer performance is a smoothly predictable
function of compute (Hestness et al., 2017; Kaplan et al.,
2020). We find that CLIP, similar to the GPT family, learns
to perform a wide set of tasks during pre-training including
OCR, geo-localization, action recognition, and many others.
We measure this by benchmarking the zero-shot transfer
performance of CLIP on over 30 existing datasets and find
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Figure 1. Summary of our approach. While standard image models jointly train an image feature extractor and a linear classifier to predict
some label, CLIP jointly trains an image encoder and a text encoder to predict the correct pairings of a batch of (image, text) training
examples. At test time the learned text encoder synthesizes a zero-shot linear classifier by embedding the names or descriptions of the
target dataset’s classes.

classification datasets by scoring target classes based on
their dictionary of learned visual n-grams and predicting the
one with the highest score. Adopting more recent architec-
tures and pre-training approaches, VirTex (Desai & Johnson,
2020), ICMLM (Bulent Sariyildiz et al., 2020), and Con-
VIRT (Zhang et al., 2020) have recently demonstrated the
potential of transformer-based language modeling, masked
language modeling, and contrastive objectives to learn im-
age representations from text.

While exciting as proofs of concept, using natural language
supervision for image representation learning is still rare.
This is likely because demonstrated performance on com-
mon benchmarks is much lower than alternative approaches.
For example, Li et al. (2017) reach only 11.5% accuracy
on ImageNet in a zero-shot setting. This is well below the
88.4% accuracy of the current state of the art (Xie et al.,
2020). It is even below the 50% accuracy of classic com-
puter vision approaches (Deng et al., 2012). Instead, more
narrowly scoped but well-targeted uses of weak supervision
have improved performance. Mahajan et al. (2018) showed
that predicting ImageNet-related hashtags on Instagram im-
ages is an effective pre-training task. When fine-tuned to
ImageNet these pre-trained models increased accuracy by
over 5% and improved the overall state of the art at the time.
Kolesnikov et al. (2019) and Dosovitskiy et al. (2020) have
also demonstrated large gains on a broader set of transfer
benchmarks by pre-training models to predict the classes of
the noisily labeled JFT-300M dataset.

This line of work represents the current pragmatic middle
ground between learning from a limited amount of super-
vised “gold-labels” and learning from practically unlimited
amounts of raw text. However, it is not without compro-

mises. Both works carefully design, and in the process limit,
their supervision to 1000 and 18291 classes respectively.
Natural language is able to express, and therefore supervise,
a much wider set of visual concepts through its general-
ity. Both approaches also use static softmax classifiers to
perform prediction and lack a mechanism for dynamic out-
puts. This severely curtails their flexibility and limits their
“zero-shot” capabilities.

A crucial difference between these weakly supervised mod-
els and recent explorations of learning image representations
directly from natural language is scale. While Mahajan et al.
(2018) and Kolesnikov et al. (2019) trained their models for
accelerator years on millions to billions of images, VirTex,
ICMLM, and ConVIRT trained for accelerator days on one
to two hundred thousand images. In this work, we close
this gap and study the behaviors of image classifiers trained
with natural language supervision at large scale. Enabled
by the large amounts of publicly available data of this form
on the internet, we create a new dataset of 400 million (im-
age, text) pairs and demonstrate that a simplified version of
ConVIRT trained from scratch, which we call CLIP, for Con-
trastive Language-Image Pre-training, is an efficient method
of learning from natural language supervision. We study
the scalability of CLIP by training a series of eight models
spanning almost 2 orders of magnitude of compute and ob-
serve that transfer performance is a smoothly predictable
function of compute (Hestness et al., 2017; Kaplan et al.,
2020). We find that CLIP, similar to the GPT family, learns
to perform a wide set of tasks during pre-training including
OCR, geo-localization, action recognition, and many others.
We measure this by benchmarking the zero-shot transfer
performance of CLIP on over 30 existing datasets and find

Language  
Foundation Model

Vision  
Foundation Model

Text 
Encoder

Image 
Encoder

Zero-shot inference:  
CLIP matches image embeddings to text embeddings of arbitrary class descriptions, selecting the 
highest similarity score to classify images into categories never seen during training.

https://arxiv.org/pdf/2103.00020
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Early and Late Fusion Schemes
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⊕ ⊕ ⊕

Early Fusion Late Fusion Middle Fusion

Transformer layer 
of modality 1 or 2

Transformer layer 
shared between modalities

⊕ Fusion operation

Early:    Single model processes all modalities together from the start.

Late:     Separate models for each modality, combined at output or loss.

Middle: At intermediate feature layers (via fusion or adaptors).

e.g., ViLT, etc. e.g., CLIP, etc. e.g., Flamingo, LLaVA, etc.
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From Early and Late to Middle Fusion:  
Learning Cross-Modal Interactions
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Middle fusion focuses on learning intermediate connections between modalities  
rather than merging only at input or output.

• Requires special building blocks to enable dynamic alignment.

• These mechanisms make it possible for one modality to contextualize  

or modulate another in a more flexible way than early or late fusion.

⊕

… …

……

e.g. co- or cross-attention,

       gating mechanisms,

       or projection layers
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Reminder!
Attention

The general attention operation is  
defined as:

<latexit sha1_base64="TvZbi9v8EfUD+3QWdeSqiSCYT4s="></latexit>

Attention(Q,K, V ) = softmax

✓
QK>
p
dk

◆
V

Attention

Self-Attention Self-Attention
Within-modality relationships 
where  are from the 
same modality.

Q = K = V

<latexit sha1_base64="2/8WOSkHKeCMh2SShUqrict+9oE="></latexit>

SelfAttn(X) = softmax

 
(XWQ) (XWK)>p

dk

!
(XWV )

•  input embeddings from the same modality

•  learned projection matrices

• Each token attends to all other tokens within the same modality.

X :
WQ, WK, WV :
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Cross-Attention

Cross-Attention

Queries come from one modality 
(e.g., text), while Keys and Values 
come from another (e.g., image 
features).

<latexit sha1_base64="NnDgOTFBDgAj7KKKWNhyC2xuq7Q="></latexit>

CrossAttn (XQ, XKV ) = softmax

 
(XQWQ) (XKV WK)>p

dk

!
(XKV WV )

•  query modality (e.g., text embeddings)

•  key/value modality (e.g., image embeddings)

• This allows one modality to attend to and integrate 

information from another.

XQ :
XKV :

QUERY

KEY
VALUE

modality 1 modality 2



Charlotte BunneCS-461  ·  Foundation Models and Generative AI

Building Blocks: From Attention to Cross-Attention

39

Cross-Attention

Cross-Attention

Queries come from one modality 
(e.g., text), while keys and values 
come from another (e.g., image 
features)

<latexit sha1_base64="NnDgOTFBDgAj7KKKWNhyC2xuq7Q="></latexit>

CrossAttn (XQ, XKV ) = softmax

 
(XQWQ) (XKV WK)>p

dk

!
(XKV WV )

•  query modality (e.g., text embeddings)

•  key/value modality (e.g., image embeddings)

• This allows one modality to attend to and integrate 

information from another.

XQ :
XKV :

Co-Attention

Bidirectional attention between modalities  
such that modalities can attend to each other 
simultaneously or iteratively.

<latexit sha1_base64="sEOlCX7gb8mFwJMZiktI2hCLJSI=">AAACQnicdZDLSgMxFIYzXmu9VV26CRahxVJmRNSNUOmmywr2RltKJk1rMJMMyRmhDH02Nz6BOx/AjQtF3LowvSxqqwcCP/93Dufk90PBDbjui7O0vLK6tp7YSG5ube/spvb2q0ZFmrIKVULpuk8ME1yyCnAQrB5qRgJfsJp/Xxzx2gPThit5C4OQtQPSl7zHKQFrdVKNlgqZJqC0JAGLi+oaQA4z9RxuZK/mmFbGzOCTf3Ejh+vZTirt5t1x4UXhTUUaTavcST23uopGAZNABTGm6bkhtGOigVPBhslWZFhI6D3ps6aVo6WmHY8jGOJj63RxT2n7JOCxOzsRk8CYQeDbzoDAnZlnI/Mv1oygd9mOuQwjYJJOFvUigUHhUZ64yzWjIAZWEKq5vRXTO6IJBZt60obgzX95UVRP8955/vzmLF0oTeNIoEN0hDLIQxeogEqojCqIokf0it7Rh/PkvDmfztekdcmZzhygX+V8/wBX97E2</latexit>

CoAttn(X,Y ) = CrossAttn(X,Y ) + CrossAttn(Y,X)
<latexit sha1_base64="sEOlCX7gb8mFwJMZiktI2hCLJSI=">AAACQnicdZDLSgMxFIYzXmu9VV26CRahxVJmRNSNUOmmywr2RltKJk1rMJMMyRmhDH02Nz6BOx/AjQtF3LowvSxqqwcCP/93Dufk90PBDbjui7O0vLK6tp7YSG5ube/spvb2q0ZFmrIKVULpuk8ME1yyCnAQrB5qRgJfsJp/Xxzx2gPThit5C4OQtQPSl7zHKQFrdVKNlgqZJqC0JAGLi+oaQA4z9RxuZK/mmFbGzOCTf3Ejh+vZTirt5t1x4UXhTUUaTavcST23uopGAZNABTGm6bkhtGOigVPBhslWZFhI6D3ps6aVo6WmHY8jGOJj63RxT2n7JOCxOzsRk8CYQeDbzoDAnZlnI/Mv1oygd9mOuQwjYJJOFvUigUHhUZ64yzWjIAZWEKq5vRXTO6IJBZt60obgzX95UVRP8955/vzmLF0oTeNIoEN0hDLIQxeogEqojCqIokf0it7Rh/PkvDmfztekdcmZzhygX+V8/wBX97E2</latexit>

CoAttn(X,Y ) = CrossAttn(X,Y ) + CrossAttn(Y,X)

Co-Attention
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Key Idea: Extends cross-attention by adding a learnable gate that controls  
                 how much one modality influences the other.

The gate dynamically adjusts attention flow allowing selective fusion  
instead of always blending modalities equally.

<latexit sha1_base64="ow7GXM7sC7NYi8A8KSHnkWS6epE="></latexit>

GatedCrossAttn (XQ, XKV ) = g · CrossAttn (XQ, XKV )

Gated Cross-Attention

with  scalar or vector gate (often learned per layer or head).g ∈ [0,1] :

‣ Provides stability when coupling large encoders, avoids overwhelming one modality with another.

‣ Adaptive conditioning: the model learns when another modality matters and when to ignore it.
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Example of Middle Fusion Model

Vision 
Encoder

❄

Perceiver
Resampler

1st LM block

a very serious cat.Pretrained and frozen❄

Vision 
Encoder

❄

Perceiver
Resampler

1st GATED XATTN-DENSE

Interleaved visual/text data

          This is a very cute dog.       This is

Trained from scratch 

n-th GATED XATTN-DENSE 

n-th LM block ❄

…

Output: text

❄

 <image> This is a very cute dog.<image> This is
Processed text

Figure 3: Flamingo architecture overview. Flamingo is a family of visual language models (VLMs)
that take as input visual data interleaved with text and produce free-form text as output.

mixture of complementary large-scale multimodal data coming only from the web, without using any
data annotated for machine learning purposes. After this training, a Flamingo model can be directly
adapted to vision tasks via simple few-shot learning without any task-specific tuning.

Contributions. In summary, our contributions are the following: (i) We introduce the Flamingo
family of VLMs which can perform various multimodal tasks (such as captioning, visual dialogue,
or visual question-answering) from only a few input/output examples. Thanks to architectural
innovations, the Flamingo models can efficiently accept arbitrarily interleaved visual data and text
as input and generate text in an open-ended manner. (ii) We quantitatively evaluate how Flamingo
models can be adapted to various tasks via few-shot learning. We notably reserve a large set of held-
out benchmarks which have not been used for validation of any design decisions or hyperparameters
of the approach. We use these to estimate unbiased few-shot performance. (iii) Flamingo sets a new
state of the art in few-shot learning on a wide array of 16 multimodal language and image/video
understanding tasks. On 6 of these 16 tasks, Flamingo also outperforms the fine-tuned state of the
art despite using only 32 task-specific examples, around 1000 times less task-specific training data
than the current state of the art. With a larger annotation budget, Flamingo can also be effectively
fine-tuned to set a new state of the art on five additional challenging benchmarks: VQAv2, VATEX,
VizWiz, MSRVTTQA, and HatefulMemes.

2 Approach

This section describes Flamingo: a visual language model that accepts text interleaved with im-
ages/videos as input and outputs free-form text. The key architectural components shown in Figure 3
are chosen to leverage pretrained vision and language models and bridge them effectively. First,
the Perceiver Resampler (Section 2.1) receives spatio-temporal features from the Vision Encoder
(obtained from either an image or a video) and outputs a fixed number of visual tokens. Second,
these visual tokens are used to condition the frozen LM using freshly initialised cross-attention
layers (Section 2.2) that are interleaved between the pretrained LM layers. These new layers offer
an expressive way for the LM to incorporate visual information for the next-token prediction task.
Flamingo models the likelihood of text y conditioned on interleaved images and videos x as follows:

p(y|x) =
L)︃

𝜔=1

p(y𝜔|y<𝜔, x→𝜔), (1)

where y𝜔 is the 𝜔-th language token of the input text, y<𝜔 is the set of preceding tokens, x→𝜔 is the set
of images/videos preceding token y𝜔 in the interleaved sequence and p is parametrized by a Flamingo
model. The ability to handle interleaved text and visual sequences (Section 2.3) makes it natural
to use Flamingo models for in-context few-shot learning, analogously to GPT-3 with few-shot text
prompting. The model is trained on a diverse mixture of datasets as described in Section 2.4.

4

Language Model Block

Image 
Encoder

Gated Cross-Attention – Dense

Language Model Block

Gated Cross-Attention – Dense

Perceiver 
Resampler

Perceiver 
Resampler

Image 
Encoder

* *
*

*

frozen
A pretrained LLM uses gated cross-attention 
and a Perceiver Resampler to consult images 
while generating text.

Alayrac et al., (2022)
🦩

https://dl.acm.org/doi/10.5555/3600270.3601993
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Learned 
latent 
queries

Vision 
Encoder

Vision 
Encoder

Vision 
Encoder

✕ num_layers

t=0 t=1 t=2 +++

Xf
flatten

FFW

K=V=[Xf,X]

Attention 
Q=[X]

def perceiver_resampler(

    x_f,  # The [T, S, d] visual features (T=time, S=space)

    time_embeddings,  # The [T, 1, d] time pos embeddings.

    x,  # R learned latents of shape [R, d]

    num_layers,  # Number of layers

):

  """The Perceiver Resampler model."""

  # Add the time position embeddings and flatten.

  x_f = x_f + time_embeddings

  x_f = flatten(x_f)  # [T, S, d] -> [T * S, d]

  # Apply the Perceiver Resampler layers.

  for i in range(num_layers):

    # Attention.

    x = x + attention_i(q=x, kv=concat([x_f, x]))

    # Feed forward.

    x = x + ffw_i(x)

  return x

Time

+

+

X

Figure 5: The Perceiver Resampler module maps a variable size grid of spatio-temporal visual
features output by the Vision Encoder to a fixed number of output tokens (five in the figure), inde-
pendently from the input image resolution or the number of input video frames. This transformer
has a set of learned latent vectors as queries, and the keys and values are a concatenation of the
spatio-temporal visual features with the learned latent vectors.

A Method

A.1 Model details

A.1.1 Perceiver Resampler

Expanding on our brief description in Section 2.1, Figure 5 provides an illustration of our Perceiver
Resampler processing an example video, together with pseudo-code. Our Perceiver Resampler is
similar in spirit to the Perceiver models proposed by Jaegle et al. [48]. We learn a predefined number
of latent input queries, and cross-attend to the flattened visual features Xf . These visual features
Xf are obtained by first adding a learnt temporal position encoding to each feature within a given
video frame (an image being considered as a single-frame video). Note that we only use temporal
encodings and no explicit spatial grid position encodings; we did not observe improvements from the
latter. This rationale behind is likely that CNNs, such as our NFNet encoder, are known to implicitly
include spatial information channel-wise [47]. The visual features are then flattened and concatenated
as illustrated in Figure 5. The number of output tokens of the Perceiver Resampler is equal to the
number of learnt latent queries. Unlike in DETR and Perceiver, the keys and values computed from
the learnt latents are concatenated to the keys and values obtained from Xf , which we found to
perform slightly better.

A.1.2 GATED XATTN-DENSE details

We provide in Figure 4 an illustration of a GATED XATTN-DENSE block and how it connects to a
frozen LM block, together with pseudo-code.

We also plot in Figure 6 the evolution of the absolute value of the tanh gating values as a function of
training progress (from 0% to 100%) at different layers of the LM stack for the Flamingo-3B model
composed of 24 LM layers. All layers of the frozen LM stack seem to utilize the visual information
as the tanh gating absolute values quickly grow in absolute value from their 0 initializations. We
also note that the absolute values seem to grow with the depth. However, it is difficult to draw strong
conclusions from this observation: the scale of the activations before gating may also vary with depth.

23

Purpose:  
The Perceiver Resampler turns arbitrarily 
many visual tokens into a small, fixed set of 
latent tokens by letting learned queries attend 
to the concatenated feature grid and latents, 
making the interface to the LLM constant size.

 
Mechanism:  
Uses cross-attention from learnable queries 
(latents) to all image features.

 
Outcome:  
Produces a compact summary that preserves 
global context while cutting compute cost, 
ideal for feeding into large language models.

Image 
Encoder

Image 
Encoder

Image 
Encoder

cross-attention
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Learned 
latent 
queries

Vision 
Encoder

Vision 
Encoder

Vision 
Encoder

✕ num_layers

t=0 t=1 t=2 +++

Xf
flatten

FFW

K=V=[Xf,X]

Attention 
Q=[X]

def perceiver_resampler(

    x_f,  # The [T, S, d] visual features (T=time, S=space)

    time_embeddings,  # The [T, 1, d] time pos embeddings.

    x,  # R learned latents of shape [R, d]

    num_layers,  # Number of layers

):

  """The Perceiver Resampler model."""

  # Add the time position embeddings and flatten.

  x_f = x_f + time_embeddings

  x_f = flatten(x_f)  # [T, S, d] -> [T * S, d]

  # Apply the Perceiver Resampler layers.

  for i in range(num_layers):

    # Attention.

    x = x + attention_i(q=x, kv=concat([x_f, x]))

    # Feed forward.

    x = x + ffw_i(x)

  return x

Time

+

+

X

Figure 5: The Perceiver Resampler module maps a variable size grid of spatio-temporal visual
features output by the Vision Encoder to a fixed number of output tokens (five in the figure), inde-
pendently from the input image resolution or the number of input video frames. This transformer
has a set of learned latent vectors as queries, and the keys and values are a concatenation of the
spatio-temporal visual features with the learned latent vectors.

A Method

A.1 Model details

A.1.1 Perceiver Resampler

Expanding on our brief description in Section 2.1, Figure 5 provides an illustration of our Perceiver
Resampler processing an example video, together with pseudo-code. Our Perceiver Resampler is
similar in spirit to the Perceiver models proposed by Jaegle et al. [48]. We learn a predefined number
of latent input queries, and cross-attend to the flattened visual features Xf . These visual features
Xf are obtained by first adding a learnt temporal position encoding to each feature within a given
video frame (an image being considered as a single-frame video). Note that we only use temporal
encodings and no explicit spatial grid position encodings; we did not observe improvements from the
latter. This rationale behind is likely that CNNs, such as our NFNet encoder, are known to implicitly
include spatial information channel-wise [47]. The visual features are then flattened and concatenated
as illustrated in Figure 5. The number of output tokens of the Perceiver Resampler is equal to the
number of learnt latent queries. Unlike in DETR and Perceiver, the keys and values computed from
the learnt latents are concatenated to the keys and values obtained from Xf , which we found to
perform slightly better.

A.1.2 GATED XATTN-DENSE details

We provide in Figure 4 an illustration of a GATED XATTN-DENSE block and how it connects to a
frozen LM block, together with pseudo-code.

We also plot in Figure 6 the evolution of the absolute value of the tanh gating values as a function of
training progress (from 0% to 100%) at different layers of the LM stack for the Flamingo-3B model
composed of 24 LM layers. All layers of the frozen LM stack seem to utilize the visual information
as the tanh gating absolute values quickly grow in absolute value from their 0 initializations. We
also note that the absolute values seem to grow with the depth. However, it is difficult to draw strong
conclusions from this observation: the scale of the activations before gating may also vary with depth.
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Image 
Encoder

Image 
Encoder

Image 
Encoder

Jaeger et al., (2021)

https://proceedings.mlr.press/v139/jaegle21a/jaegle21a.pdf
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self attention

FFW

Q=[Y]

FFW

+

+
tanh gating

+

+

tanh gating

GATED XATTN-DENSE

LM layer ❄

X

K=V=[X]

cross attention

K=V=[Y] Q=[Y]

❄

❄

Y Language 
input

def gated_xattn_dense(

    y,  # input language features

    x,  # input visual features 

    alpha_xattn, # xattn gating parameter – init at 0.

    alpha_dense, # ffw gating parameter – init at 0.

):

  """Applies a GATED XATTN-DENSE layer."""

  # 1. Gated Cross Attention

  y = y + tanh(alpha_xattn) * attention(q=y, kv=x)

  # 2. Gated Feed Forward (dense) Layer

  y = y + tanh(alpha_dense) * ffw(y)

  # Regular self-attention + FFW on language

  y = y + frozen_attention(q=y, kv=y)

  y = y + frozen_ffw(y)

  return y  # output visually informed language features

Vision 
input

Y

X

…
…

Figure 4: GATED XATTN-DENSE layers. To condition the LM on visual inputs, we insert new
cross-attention layers between existing pretrained and frozen LM layers. The keys and values in these
layers are obtained from the vision features while the queries are derived from the language inputs.
They are followed by dense feed-forward layers. These layers are gated so that the LM is kept intact
at initialization for improved stability and performance.

2.1 Visual processing and the Perceiver Resampler

Vision Encoder: from pixels to features. Our vision encoder is a pretrained and frozen Normalizer-
Free ResNet (NFNet) [10] – we use the F6 model. We pretrain the vision encoder using a contrastive
objective on our datasets of image and text pairs, using the two-term contrastive loss from Radford
et al. [85]. We use the output of the final stage, a 2D spatial grid of features that is flattened to a 1D
sequence. For video inputs, frames are sampled at 1 FPS and encoded independently to obtain a 3D
spatio-temporal grid of features to which learned temporal embeddings are added. Features are then
flattened to 1D before being fed to the Perceiver Resampler. More details on the contrastive model
training and performance are given in Appendix B.1.3 and Appendix B.3.2, respectively.

Perceiver Resampler: from varying-size large feature maps to few visual tokens. This module
connects the vision encoder to the frozen language model as shown in Figure 3. It takes as input a
variable number of image or video features from the vision encoder and produces a fixed number of
visual outputs (64), reducing the computational complexity of the vision-text cross-attention. Similar
to Perceiver [48] and DETR [13], we learn a predefined number of latent input queries which are fed
to a Transformer and cross-attend to the visual features. We show in our ablation studies (Section 3.3)
that using such a vision-language resampler module outperforms a plain Transformer and an MLP.
We provide an illustration, more architectural details, and pseudo-code in Appendix A.1.1.

2.2 Conditioning frozen language models on visual representations

Text generation is performed by a Transformer decoder, conditioned on the visual representations
produced by the Perceiver Resampler. We interleave pretrained and frozen text-only LM blocks with
blocks trained from scratch that cross-attend to the visual output from the Perceiver Resampler.

Interleaving new GATED XATTN-DENSE layers within a frozen pretrained LM. We freeze the
pretrained LM blocks, and insert gated cross-attention dense blocks (Figure 4) between the original
layers, trained from scratch. To ensure that at initialization, the conditioned model yields the same
results as the original language model, we use a tanh-gating mechanism [41]. This multiplies the
output of a newly added layer by tanh(𝜔) before adding it to the input representation from the residual
connection, where 𝜔 is a layer-specific learnable scalar initialized to 0 [4]. Thus, at initialization, the
model output matches that of the pretrained LM, improving training stability and final performance.
In our ablation studies (Section 3.3), we compare the proposed GATED XATTN-DENSE layers against
recent alternatives [22, 68] and explore the effect of how frequently these additional layers are inserted
to trade off between efficiency and expressivity. See Appendix A.1.2 for more details.

Varying model sizes. We perform experiments across three models sizes, building on the 1.4B, 7B,
and 70B parameter Chinchilla models [42]; calling them respectively Flamingo-3B, Flamingo-9B and

5

Gated Cross-Attention controls how much visual information flows into the language model. 

Visual features  are attended to by the language stream  through a cross-attention layer, scaled by a learnable 
gate  that starts near zero and opens gradually during training.

x y
α
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Example of Middle Fusion Model

Input Prompt Completion

This is a
chinchilla. They
are mainly found

in Chile.

This is a shiba.
They are very

popular in Japan.
This is →↑

a flamingo.
They are found

in the
Caribbean and
South America.

What is the title
of this painting?

Answer: The
Hallucinogenic

Toreador.

Where is this
painting

displayed?
Answer: Louvres
Museum, Paris.

What is the name
of the city where
this was painted?

Answer:

→↑ Arles.

Output:
"Underground"

Output:
"Congress" Output: →↑ "Soulomes"

2+1=3 5+6=11 →↑ 3x6=18

Output: A
propaganda

poster depicting a
cat dressed as

French emperor
Napoleon

holding a piece
of cheese.

Output: A pink
room with a

flamingo pool
float.

Output: →↑
A portrait of
Salvador Dali
with a robot

head.

Les sanglots
longs des violons

de l’automne
blessent mon
coeur d’une

langueur
monotone.

Pour qui sont ces
serpents qui

sifflent sur vos
têtes?

→↑ Je suis un cœur
qui bat pour

vous.

pandas: 3 dogs: 2 →↑ giraffes: 4

I like reading
, my favourite

play is Hamlet. I
also like

, my favorite
book is →↑ Dreams from

my Father.

What happens to
the man after

hitting the ball?
Answer:

→↑ he falls down.

This is a picture of two teddy
bears on the moon.

What are they doing?

They are having a
conversation.

What object are they using?

It looks like a computer.

Is this surprising?

Yes, it is surprising.

Why is this picture surprising
to you?

I think it is surprising because
teddy bears are not usually
found on the moon.

What is the common thing
about these three images?

They are all flamingos.

What is the difference be-
tween these three images?

The first one is a cartoon, the
second one is a real flamingo,
and the third one is a 3D
model of a flamingo.

This is an apple with a sticker
on it.

What does the sticker say?

The sticker says "iPod".

Where is the photo taken?

It looks like it’s taken in a
backyard.

Do you think it is printed or
handwritten?

It looks like it’s handwritten.

What color is the sticker?

It’s white.

This is a cityscape. It looks
like Chicago.

What makes you think this is
Chicago?

I think it’s Chicago because
of the Shedd Aquarium in the
background.

What about this one? Which
city is this and what famous
landmark helped you recog-
nise the city?

This is Tokyo. I think it’s
Tokyo because of the Tokyo
Tower.

Figure 1: Selected examples of inputs and outputs obtained from Flamingo-80B. Flamingo can
rapidly adapt to various image/video understanding tasks with few-shot prompting (top). Out of
the box, Flamingo is also capable of multi-image visual dialogue (bottom). More examples in
Appendix C.

2

🦩

Flamingo can handle interleaved sequences of images and text as input, treating them as a single multimodal prompt.

The model can generate coherent, context-aware answers or descriptions conditioned on both visual and textual context.

Demonstrates capabilities across multimodal tasks such as captioning, visual question answering, etc,, all within one model.

Alayrac et al., (2022)

https://dl.acm.org/doi/10.5555/3600270.3601993
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Large Language and Vision Assistant (LLaVA)

Example of Middle Fusion Model

LLaVA connects a pretrained vision encoder to a language model  
through a projection layer that maps image features into the LLM’s token embedding space, 
enabling end-to-end multimodal instruction following and dialogue.
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Figure 1. Summary of our approach. While standard image models jointly train an image feature extractor and a linear classifier to predict
some label, CLIP jointly trains an image encoder and a text encoder to predict the correct pairings of a batch of (image, text) training
examples. At test time the learned text encoder synthesizes a zero-shot linear classifier by embedding the names or descriptions of the
target dataset’s classes.

classification datasets by scoring target classes based on
their dictionary of learned visual n-grams and predicting the
one with the highest score. Adopting more recent architec-
tures and pre-training approaches, VirTex (Desai & Johnson,
2020), ICMLM (Bulent Sariyildiz et al., 2020), and Con-
VIRT (Zhang et al., 2020) have recently demonstrated the
potential of transformer-based language modeling, masked
language modeling, and contrastive objectives to learn im-
age representations from text.

While exciting as proofs of concept, using natural language
supervision for image representation learning is still rare.
This is likely because demonstrated performance on com-
mon benchmarks is much lower than alternative approaches.
For example, Li et al. (2017) reach only 11.5% accuracy
on ImageNet in a zero-shot setting. This is well below the
88.4% accuracy of the current state of the art (Xie et al.,
2020). It is even below the 50% accuracy of classic com-
puter vision approaches (Deng et al., 2012). Instead, more
narrowly scoped but well-targeted uses of weak supervision
have improved performance. Mahajan et al. (2018) showed
that predicting ImageNet-related hashtags on Instagram im-
ages is an effective pre-training task. When fine-tuned to
ImageNet these pre-trained models increased accuracy by
over 5% and improved the overall state of the art at the time.
Kolesnikov et al. (2019) and Dosovitskiy et al. (2020) have
also demonstrated large gains on a broader set of transfer
benchmarks by pre-training models to predict the classes of
the noisily labeled JFT-300M dataset.

This line of work represents the current pragmatic middle
ground between learning from a limited amount of super-
vised “gold-labels” and learning from practically unlimited
amounts of raw text. However, it is not without compro-

mises. Both works carefully design, and in the process limit,
their supervision to 1000 and 18291 classes respectively.
Natural language is able to express, and therefore supervise,
a much wider set of visual concepts through its general-
ity. Both approaches also use static softmax classifiers to
perform prediction and lack a mechanism for dynamic out-
puts. This severely curtails their flexibility and limits their
“zero-shot” capabilities.

A crucial difference between these weakly supervised mod-
els and recent explorations of learning image representations
directly from natural language is scale. While Mahajan et al.
(2018) and Kolesnikov et al. (2019) trained their models for
accelerator years on millions to billions of images, VirTex,
ICMLM, and ConVIRT trained for accelerator days on one
to two hundred thousand images. In this work, we close
this gap and study the behaviors of image classifiers trained
with natural language supervision at large scale. Enabled
by the large amounts of publicly available data of this form
on the internet, we create a new dataset of 400 million (im-
age, text) pairs and demonstrate that a simplified version of
ConVIRT trained from scratch, which we call CLIP, for Con-
trastive Language-Image Pre-training, is an efficient method
of learning from natural language supervision. We study
the scalability of CLIP by training a series of eight models
spanning almost 2 orders of magnitude of compute and ob-
serve that transfer performance is a smoothly predictable
function of compute (Hestness et al., 2017; Kaplan et al.,
2020). We find that CLIP, similar to the GPT family, learns
to perform a wide set of tasks during pre-training including
OCR, geo-localization, action recognition, and many others.
We measure this by benchmarking the zero-shot transfer
performance of CLIP on over 30 existing datasets and find
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Figure 1. Summary of our approach. While standard image models jointly train an image feature extractor and a linear classifier to predict
some label, CLIP jointly trains an image encoder and a text encoder to predict the correct pairings of a batch of (image, text) training
examples. At test time the learned text encoder synthesizes a zero-shot linear classifier by embedding the names or descriptions of the
target dataset’s classes.

classification datasets by scoring target classes based on
their dictionary of learned visual n-grams and predicting the
one with the highest score. Adopting more recent architec-
tures and pre-training approaches, VirTex (Desai & Johnson,
2020), ICMLM (Bulent Sariyildiz et al., 2020), and Con-
VIRT (Zhang et al., 2020) have recently demonstrated the
potential of transformer-based language modeling, masked
language modeling, and contrastive objectives to learn im-
age representations from text.

While exciting as proofs of concept, using natural language
supervision for image representation learning is still rare.
This is likely because demonstrated performance on com-
mon benchmarks is much lower than alternative approaches.
For example, Li et al. (2017) reach only 11.5% accuracy
on ImageNet in a zero-shot setting. This is well below the
88.4% accuracy of the current state of the art (Xie et al.,
2020). It is even below the 50% accuracy of classic com-
puter vision approaches (Deng et al., 2012). Instead, more
narrowly scoped but well-targeted uses of weak supervision
have improved performance. Mahajan et al. (2018) showed
that predicting ImageNet-related hashtags on Instagram im-
ages is an effective pre-training task. When fine-tuned to
ImageNet these pre-trained models increased accuracy by
over 5% and improved the overall state of the art at the time.
Kolesnikov et al. (2019) and Dosovitskiy et al. (2020) have
also demonstrated large gains on a broader set of transfer
benchmarks by pre-training models to predict the classes of
the noisily labeled JFT-300M dataset.

This line of work represents the current pragmatic middle
ground between learning from a limited amount of super-
vised “gold-labels” and learning from practically unlimited
amounts of raw text. However, it is not without compro-

mises. Both works carefully design, and in the process limit,
their supervision to 1000 and 18291 classes respectively.
Natural language is able to express, and therefore supervise,
a much wider set of visual concepts through its general-
ity. Both approaches also use static softmax classifiers to
perform prediction and lack a mechanism for dynamic out-
puts. This severely curtails their flexibility and limits their
“zero-shot” capabilities.

A crucial difference between these weakly supervised mod-
els and recent explorations of learning image representations
directly from natural language is scale. While Mahajan et al.
(2018) and Kolesnikov et al. (2019) trained their models for
accelerator years on millions to billions of images, VirTex,
ICMLM, and ConVIRT trained for accelerator days on one
to two hundred thousand images. In this work, we close
this gap and study the behaviors of image classifiers trained
with natural language supervision at large scale. Enabled
by the large amounts of publicly available data of this form
on the internet, we create a new dataset of 400 million (im-
age, text) pairs and demonstrate that a simplified version of
ConVIRT trained from scratch, which we call CLIP, for Con-
trastive Language-Image Pre-training, is an efficient method
of learning from natural language supervision. We study
the scalability of CLIP by training a series of eight models
spanning almost 2 orders of magnitude of compute and ob-
serve that transfer performance is a smoothly predictable
function of compute (Hestness et al., 2017; Kaplan et al.,
2020). We find that CLIP, similar to the GPT family, learns
to perform a wide set of tasks during pre-training including
OCR, geo-localization, action recognition, and many others.
We measure this by benchmarking the zero-shot transfer
performance of CLIP on over 30 existing datasets and find

Projection Layer

image language  
instruction

language  
response

e.g., CLIP

Liu et al., (2023)

https://papers.nips.cc/paper_files/paper/2023/file/6dcf277ea32ce3288914faf369fe6de0-Paper-Conference.pdf


Charlotte BunneCS-461  ·  Foundation Models and Generative AI

Examples of Multimodal Models: LLaVA

47

Language Foundation Model

Image Encoder

Learning Transferable Visual Models From Natural Language Supervision 2

I1·T2 I1·T3 …

I2·T1 I2·T3 …

I3·T1 I3·T2 …

⋮ ⋮ ⋮

I1·T1

I2·T2

I3·T3

(1) Contrastive pre-training

Image
Encoder

Text
EncoderPepper	the

aussie	pup
Pepper	the
aussie	pup
Pepper	the
aussie	pup
Pepper	the
aussie	pup

T1 T2 T3 …

I1

I2

I3

⋮

(2) Create dataset classifier from label text

plane

car

dog

⋮

bird

A	photo	of
a	{object}.

⋮

Text
Encoder

T1 T2 T3 TN

…

(3) Use for zero-shot prediction

Image
Encoder

I1 I1·T2 I1·TNI1·T1

…

…

A	photo	of
	a	dog.

TN

IN·T1 IN·T2 IN·T3

I1·TN

I2·TN

I3·TN

⋮

…IN

…

⋮ ⋱

IN·TN

I1·T3

Figure 1. Summary of our approach. While standard image models jointly train an image feature extractor and a linear classifier to predict
some label, CLIP jointly trains an image encoder and a text encoder to predict the correct pairings of a batch of (image, text) training
examples. At test time the learned text encoder synthesizes a zero-shot linear classifier by embedding the names or descriptions of the
target dataset’s classes.

classification datasets by scoring target classes based on
their dictionary of learned visual n-grams and predicting the
one with the highest score. Adopting more recent architec-
tures and pre-training approaches, VirTex (Desai & Johnson,
2020), ICMLM (Bulent Sariyildiz et al., 2020), and Con-
VIRT (Zhang et al., 2020) have recently demonstrated the
potential of transformer-based language modeling, masked
language modeling, and contrastive objectives to learn im-
age representations from text.

While exciting as proofs of concept, using natural language
supervision for image representation learning is still rare.
This is likely because demonstrated performance on com-
mon benchmarks is much lower than alternative approaches.
For example, Li et al. (2017) reach only 11.5% accuracy
on ImageNet in a zero-shot setting. This is well below the
88.4% accuracy of the current state of the art (Xie et al.,
2020). It is even below the 50% accuracy of classic com-
puter vision approaches (Deng et al., 2012). Instead, more
narrowly scoped but well-targeted uses of weak supervision
have improved performance. Mahajan et al. (2018) showed
that predicting ImageNet-related hashtags on Instagram im-
ages is an effective pre-training task. When fine-tuned to
ImageNet these pre-trained models increased accuracy by
over 5% and improved the overall state of the art at the time.
Kolesnikov et al. (2019) and Dosovitskiy et al. (2020) have
also demonstrated large gains on a broader set of transfer
benchmarks by pre-training models to predict the classes of
the noisily labeled JFT-300M dataset.

This line of work represents the current pragmatic middle
ground between learning from a limited amount of super-
vised “gold-labels” and learning from practically unlimited
amounts of raw text. However, it is not without compro-

mises. Both works carefully design, and in the process limit,
their supervision to 1000 and 18291 classes respectively.
Natural language is able to express, and therefore supervise,
a much wider set of visual concepts through its general-
ity. Both approaches also use static softmax classifiers to
perform prediction and lack a mechanism for dynamic out-
puts. This severely curtails their flexibility and limits their
“zero-shot” capabilities.

A crucial difference between these weakly supervised mod-
els and recent explorations of learning image representations
directly from natural language is scale. While Mahajan et al.
(2018) and Kolesnikov et al. (2019) trained their models for
accelerator years on millions to billions of images, VirTex,
ICMLM, and ConVIRT trained for accelerator days on one
to two hundred thousand images. In this work, we close
this gap and study the behaviors of image classifiers trained
with natural language supervision at large scale. Enabled
by the large amounts of publicly available data of this form
on the internet, we create a new dataset of 400 million (im-
age, text) pairs and demonstrate that a simplified version of
ConVIRT trained from scratch, which we call CLIP, for Con-
trastive Language-Image Pre-training, is an efficient method
of learning from natural language supervision. We study
the scalability of CLIP by training a series of eight models
spanning almost 2 orders of magnitude of compute and ob-
serve that transfer performance is a smoothly predictable
function of compute (Hestness et al., 2017; Kaplan et al.,
2020). We find that CLIP, similar to the GPT family, learns
to perform a wide set of tasks during pre-training including
OCR, geo-localization, action recognition, and many others.
We measure this by benchmarking the zero-shot transfer
performance of CLIP on over 30 existing datasets and find
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Figure 1. Summary of our approach. While standard image models jointly train an image feature extractor and a linear classifier to predict
some label, CLIP jointly trains an image encoder and a text encoder to predict the correct pairings of a batch of (image, text) training
examples. At test time the learned text encoder synthesizes a zero-shot linear classifier by embedding the names or descriptions of the
target dataset’s classes.

classification datasets by scoring target classes based on
their dictionary of learned visual n-grams and predicting the
one with the highest score. Adopting more recent architec-
tures and pre-training approaches, VirTex (Desai & Johnson,
2020), ICMLM (Bulent Sariyildiz et al., 2020), and Con-
VIRT (Zhang et al., 2020) have recently demonstrated the
potential of transformer-based language modeling, masked
language modeling, and contrastive objectives to learn im-
age representations from text.

While exciting as proofs of concept, using natural language
supervision for image representation learning is still rare.
This is likely because demonstrated performance on com-
mon benchmarks is much lower than alternative approaches.
For example, Li et al. (2017) reach only 11.5% accuracy
on ImageNet in a zero-shot setting. This is well below the
88.4% accuracy of the current state of the art (Xie et al.,
2020). It is even below the 50% accuracy of classic com-
puter vision approaches (Deng et al., 2012). Instead, more
narrowly scoped but well-targeted uses of weak supervision
have improved performance. Mahajan et al. (2018) showed
that predicting ImageNet-related hashtags on Instagram im-
ages is an effective pre-training task. When fine-tuned to
ImageNet these pre-trained models increased accuracy by
over 5% and improved the overall state of the art at the time.
Kolesnikov et al. (2019) and Dosovitskiy et al. (2020) have
also demonstrated large gains on a broader set of transfer
benchmarks by pre-training models to predict the classes of
the noisily labeled JFT-300M dataset.

This line of work represents the current pragmatic middle
ground between learning from a limited amount of super-
vised “gold-labels” and learning from practically unlimited
amounts of raw text. However, it is not without compro-

mises. Both works carefully design, and in the process limit,
their supervision to 1000 and 18291 classes respectively.
Natural language is able to express, and therefore supervise,
a much wider set of visual concepts through its general-
ity. Both approaches also use static softmax classifiers to
perform prediction and lack a mechanism for dynamic out-
puts. This severely curtails their flexibility and limits their
“zero-shot” capabilities.

A crucial difference between these weakly supervised mod-
els and recent explorations of learning image representations
directly from natural language is scale. While Mahajan et al.
(2018) and Kolesnikov et al. (2019) trained their models for
accelerator years on millions to billions of images, VirTex,
ICMLM, and ConVIRT trained for accelerator days on one
to two hundred thousand images. In this work, we close
this gap and study the behaviors of image classifiers trained
with natural language supervision at large scale. Enabled
by the large amounts of publicly available data of this form
on the internet, we create a new dataset of 400 million (im-
age, text) pairs and demonstrate that a simplified version of
ConVIRT trained from scratch, which we call CLIP, for Con-
trastive Language-Image Pre-training, is an efficient method
of learning from natural language supervision. We study
the scalability of CLIP by training a series of eight models
spanning almost 2 orders of magnitude of compute and ob-
serve that transfer performance is a smoothly predictable
function of compute (Hestness et al., 2017; Kaplan et al.,
2020). We find that CLIP, similar to the GPT family, learns
to perform a wide set of tasks during pre-training including
OCR, geo-localization, action recognition, and many others.
We measure this by benchmarking the zero-shot transfer
performance of CLIP on over 30 existing datasets and find

Projection Layer

image language  
instruction

language  
response

Large Language and Vision Assistant (LLaVA)

Example of Middle Fusion Model

e.g., CLIP

Training in Two Stages:

1. Feature-alignment pretraining on image-caption pairs so the projector learns the mapping.

2. Instruction tuning on multimodal dialogues 

to teach following instructions, tool-like answers,  
and multi-turn behavior.

Liu et al., (2023)
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Large Language and Vision Assistant (LLaVA)

Example of Middle Fusion Model
Challenging examples from LLaVA-Bench (In-the-Wild):

ICHIRAN Ramen [source] Filled fridge [source]

Annotation A close-up photo of a meal at ICHI-
RAN. The chashu ramen bowl with
a spoon is placed in the center. The
ramen is seasoned with chili sauce,
chopped scallions, and served with
two pieces of chashu. Chopsticks are
placed to the right of the bowl, still in
their paper wrap, not yet opened. The
ramen is also served with nori on the
left. On top, from left to right, the fol-
lowing sides are served: a bowl of or-
ange spice (possibly garlic sauce), a
plate of smoke-flavored stewed pork
with chopped scallions, and a cup of
matcha green tea.

An open refrigerator filled with a variety of food
items. In the left part of the compartment, towards
the front, there is a plastic box of strawberries with a
small bag of baby carrots on top. Towards the back,
there is a stack of sauce containers. In the middle
part of the compartment, towards the front, there
is a green plastic box, and there is an unidentified
plastic bag placed on it. Towards the back, there is a
carton of milk. In the right part of the compartment,
towards the front, there is a box of blueberries with
three yogurts stacked on top. The large bottle of
yogurt is Fage non-fat yogurt, and one of the smaller
cups is Fage blueberry yogurt. The brand and flavor
of the other smaller cup are unknown. Towards the
back, there is a container with an unknown content.

Question 1 What’s the name of the restaurant? What is the brand of the blueberry-flavored yogurt?

Question 2 Describe this photo in detail. Is there strawberry-flavored yogurt in the fridge?

Table 6: Challenging examples from LLaVA-Bench (In-the-Wild), we provide extremely-detailed
annotation for each image for an accurate evaluation. Some questions require the model to extract
details from high resolution image and to have a broad knowledge coverage.

5.2 ScienceQA

ScienceQA [34] contains 21k multimodal multiple choice questions with rich domain diversity across
3 subjects, 26 topics, 127 categories, and 379 skills. The benchmark dataset is split into training,
validation, and test splits with 12726, 4241, and 4241 examples, respectively. We consider two
representative methods, including GPT-3.5 model (text-davinci-002) with and without chain-
of-thought (CoT), LLaMA-Adapter [59], as well as multimodal chain-of-thought (MM-CoT) [61],
which is the current SoTA method on this dataset. For more baseline numbers, please see [34].

The results are reported in Table 7. For LLaVA, we use the visual features before the last layer, ask
the model to first predict reasons and then the answer, and train it for 12 epochs. It yields 90.92%
accuracy, which is quite close to the SoTA 91.68%. To explore the limit of LLMs, we also prompt
GPT-4 using 2-shot in-context-learning and achieve 82.69% accuracy, which is a 7.52% absolute gain
compared with 75.17% from GPT-3.5. For a substantial number of questions, we note that GPT-4 fails
simply because it reports that there is insufficient context such as images or plots. We consider two
schemes to combine the outcomes from our model and GPT-4. (i) A GPT-4 complement. Whenever
GPT-4 fails to provide answers, we use the prediction from our method. This schemes yields 90.97%
accuracy, which is almost the same as applying our method alone. (ii) GPT-4 as the judge. Whenever
GPT-4 and LLaVA produce different answers, we prompt GPT-4 again, asking it to provide its own
final answer based on the question and two outcomes. The spirit is similar with CoT, but with the
external knowledge from the other model. Surprisingly, this scheme is able to provide consistent
improvement over all question classes, and achieves a new SoTA accuracy of 92.53%. Interestingly,
the text-only GPT-4, which cannot process images, improves the overall performance of the model
on questions that have an image as context. This is because some of these questions do not actually
require the image context for a correct answer. The GPT-4 judge can identify such cases and correct
some of the errors that LLaVA makes. See the example in Appendix. To the best of our knowledge,

8

Visual input example, Extreme Ironing:

Source: https://www.barnorama.com/wp-content/uploads/2016/12/03-Confusing-Pictures.jpg

User What is unusual about this image?
LLaVA The unusual aspect of this image is a man ironing clothes on the back of a minivan or

van. This is not a typical place to perform this activity, as one would usually iron clothes
in a more stationary and safe location, such as a home, using a regular ironing board.
The scene depicted in the image is peculiar as it involves a makeshift ironing setup on a
vehicle, which can be both unsafe and unconventional. Additionally, it is not clear how
the man is able to maintain balance and stability while ironing clothes in such an unstable
environment.
[Start a new conversation, and clear the history]

User What’s happening in the scene?
LLaVA The image depicts a man standing on top of a yellow SUV in a busy city street. He is

holding a portable ladder, seemingly ironing clothes while standing on the vehicle. Around
the scene, there are other cars, a traffic light, and a fire hydrant. Additionally, there are
two other people in the vicinity, one close to the man on the car and another further away.
The man on the ladder appears to be attracting attention due to his unconventional choice
of ironing his clothes on top of a moving car. The city street around him is bustling with
activity, adding to the unique nature of the scene.

User What is unusual about this image?
GPT-4 [36] The unusual thing about this image is that a man is ironing clothes on an ironing board

attached to the roof of a moving taxi.

User What is unusual about this image?
BLIP-2 a man is sitting on the back of a yellow cab

User What is unusual about this image?
OpenFlamingo The man is drying his clothes on the hood of his car.

Table 3: Example prompt from GPT-4 paper [36] to compare visual reasoning and chat capabilities.
Compared to BLIP-2 [28] and OpenFlamingo [5], LLaVA accurately follows the user’s instructions,
instead of simply describing the scene. LLaVA offers a more comprehensive response than GPT-4.
Even when merely asked to describe the image, LLaVA identifies atypical aspects of the image.

Surprisingly, although LLaVA is trained with a small multimodal instruction-following dataset
(→80K unique images), it demonstrates quite similar reasoning results with multimodal GPT-4 on
these examples. Note that while these images are out-of-domain for LLaVA, LLaVA is still able
to understand the scenes and follow the question instruction to provide a reasonable response. In
contrast, BLIP-2 and OpenFlamingo focus on describing the image, instead of following the user
instruction to answer in an appropriate manner.

Quantitative Evaluation. To gain a systematic understanding of the performance of LLaVA, we
propose a quantitative metric to measure the model’s instruction-following capability on multimodal
data. Inspired by [9], we leverage GPT-4 to measure the quality of generated responses. Specifically,
we create triplets consisting of image, ground-truth textual descriptions, and question. The candidate
models (e.g., LLaVA) predict the answers based on the question and the image. To provide an
approximate theoretical upper bound, we create a reference prediction based on the question and
the ground-truth textual descriptions, using the text-only GPT-4. After obtaining the responses from
both models, we feed the question, visual information (in the format of textual descriptions), and
the generated responses from both assistants, to the judge (i.e., text-only GPT-4). It evaluates the
helpfulness, relevance, accuracy, and level of detail of the responses from the assistants, and gives an
overall score on a scale of 1 to 10, where a higher score indicates better overall performance. It is
also asked to provide a comprehensive explanation for the evaluation, for us to better understand the

6

Examples of capabilities:

Liu et al., (2023)
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So far:              Multimodality for image ↔ text understanding
What about?   Multimodality for text → image generation

Text 
Encoder

We describe a simple approach for this task based on a transformer that autoregressively models the text 
and image tokens as a single stream of data. With sufficient data and scale, our approach is competitive 
with previous domain-specific models.

“
On DALLᐧE

Ramesh et al., (2021)

http://proceedings.mlr.press/v139/ramesh21a/ramesh21a.pdf
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Figure 2: A high-level overview of unCLIP. Above the dotted line, we depict the CLIP training process,
through which we learn a joint representation space for text and images. Below the dotted line, we depict our
text-to-image generation process: a CLIP text embedding is first fed to an autoregressive or diffusion prior
to produce an image embedding, and then this embedding is used to condition a diffusion decoder which
produces a final image. Note that the CLIP model is frozen during training of the prior and decoder.

luck and diligent manual examination. Furthermore, encoding and decoding images also provides us with a
tool for observing which features of the image are recognized or disregarded by CLIP.

To obtain a full generative model of images, we combine the CLIP image embedding decoder with a prior
model, which generates possible CLIP image embeddings from a given text caption. We compare our
text-to-image system with other systems such as DALL-E [40] and GLIDE [35], finding that our samples are
comparable in quality to GLIDE, but with greater diversity in our generations. We also develop methods for
training diffusion priors in latent space, and show that they achieve comparable performance to autoregressive
priors, while being more compute-efficient. We refer to our full text-conditional image generation stack as
unCLIP, since it generates images by inverting the CLIP image encoder.

2 Method

Our training dataset consists of pairs (x, y) of images x and their corresponding captions y. Given an image x,
let zi and zt be its CLIP image and text embeddings, respectively. We design our generative stack to produce
images from captions using two components:

• A prior P (zi|y) that produces CLIP image embeddings zi conditioned on captions y.
• A decoder P (x|zi, y) that produces images x conditioned on CLIP image embeddings zi (and

optionally text captions y).

The decoder allows us to invert images given their CLIP image embeddings, while the prior allows us to learn
a generative model of the image embeddings themselves. Stacking these two components yields a generative
model P (x|y) of images x given captions y:

P (x|y) = P (x, zi|y) = P (x|zi, y)P (zi|y).

The first equality holds because zi is a deterministic function of x. The second equality holds because of the
chain rule. Thus, we can sample from the true conditional distribution P (x|y) by first sampling zi using the

3
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to align text and image representations in a shared embedding space.

2. Generative stage: Train a prior and image decoder to map text embeddings to corresponding 

image representations and then decode them into pixels (using a VQ-VAE or diffusion decoder).

Intuition: 

CLIP learns what 
should be in the 
image; the decoder 
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So far:  Most models are bimodal, not multimodal 
             iand mostly capable to translate between two modalities.


   ➝  e.g., CLIP (text ↔ image), LLaVA (image → text), DALL·E (text → image)

Strong language reasoning but no perception.  
Architectures treat modalities very independently..

Shift in                ! First model to showcase strong multimodal 
general AI capabilities and impressive 
logical reasoning capability.

GPT-4

What changed? Native multimodal integration in GPT-4o is 
achieved through a unified, end-to-end 
transformer architecture that processes 
all modalities within a single model.

Ramachandran et al., (2025)

How Well Does GPT-4o Understand Vision?
Evaluating Multimodal Foundation Models on Standard Computer Vision Tasks

Rahul Ramachandran Ali Garjani Roman Bachmann
Andrei Atanov* Oğuzhan Fatih Kar* Amir Zamir*

Swiss Federal Institute of Technology Lausanne (EPFL)
https://fm-vision-evals.epfl.ch

Abstract
Multimodal foundation models (MFMs), such as GPT-4o,
have recently made remarkable progress. However, it is not
clear how well these models understand vision in detail, es-
pecially when it comes to tasks beyond question answering.
In this paper, we benchmark the popular MFMs (GPT-4o,
o4-mini, Gemini 1.5 Pro and Gemini 2.0 Flash, Claude 3.5
Sonnet, Qwen2-VL, Llama 3.2) on standard computer vi-
sion tasks (semantic segmentation, object detection, image
classification, depth and surface normal prediction) using es-
tablished datasets (e.g., COCO, ImageNet and its variants).

The main challenges in performing this analysis are: 1)
most models are trained to output text and cannot natively
express diverse domains, such as segments or 3D geometry,
and 2) many leading models are proprietary and accessi-
ble only at an API level, i.e., there is no weight access to
adapt them. We address these challenges by translating
standard vision tasks into equivalent text-promptable and
API-compatible tasks via prompt chaining to create a stan-
dardized benchmarking framework. We observe that:
1. The models are not close to the state-of-the-art specialist

models at any task.
2. They are respectable generalists; this is remarkable as

they are presumably trained on primarily image-text-
based tasks.

3. They perform semantic tasks notably better than geomet-
ric ones.

4. GPT-4o performs the best among non-reasoning models,
securing the top position in 4 out of 6 tasks.

5. Reasoning models, e.g. o3, show improvements in geo-
metric tasks.

6. While prompt chaining techniques affect performance,
better models are less sensitive to prompt variations.

7. An analysis of models with native image generation, such
as the latest GPT-4o, shows they exhibit failure modes,
such as hallucinated objects or misalignment between
input and output.
→Equal technical advising.
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Figure 1. We benchmark multimodal foundation models (MFMs)
on established datasets using prompt chaining. Top: The perfor-
mance of the MFMs on several classical computer vision tasks.
We compare MFMs with specialist models both directly and by
calibrating for the chosen structure and constraints of the used
prompt chain. (+chain; see Sec. 4). The axes are normalized using
task-specific lower and upper bounds, defined by blind guessing
and state-of-the-art specialist performance, respectively. Bottom:
GPT-4o’s predictions for each task.

1. Introduction

Multimodal foundation models (MFMs), such as GPT-
4o, Gemini 1.5 Pro and 2.0 Flash, and Claude 3.5 Son-
net [6, 45, 50], have advanced significantly in recent months,
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Figure 2: Overview of the AI Virtual Cell. a. Similar to biological cells, b. the AI Virtual Cell models cell biology across di!erent
physical scales, including molecular, cellular, and multicellular. Along the physical dimension, the first scale models the state and
interactions of individual molecules, such as those of the central dogma, as well as additional molecules like metabolites. Molecules
can be represented as sequences or atomic structures. The next scale represents cells as collections of these molecules. For example,
such cells contain a genetic sequence, RNA transcripts and some quantities of proteins. Molecules within cells have specific locations
that may be related to their function. The final scale models the interactions between cells, how they communicate and form
complex tissues. Each scale relies on Universal Representations that are learned from multi-modal data and are integrating URs
from the previous scale. c. To capture the behavior and dynamics of physical cells, its components, or collections, d. the AI Virtual
Cell comprises Virtual Instruments. On the cellular scale, for example, Manipulator VIs simulate how cell states change as cells
divide, migrate, develop from progenitor states, or respond to perturbations through learned transitions in the URs. Decoder VIs
allow to decode the cell UR, e.g., to understand phenotypic properties.

living cells using time-lapse microscopy. Cryo-electron
microscopy determines biomolecular structures at near-
atomic resolution81,82. Super-resolution microscopy
o!ers deeper insights into molecular processes through
single-molecule imaging in living systems83,84,85. Com-
plementing imaging approaches, mass spectrometry
and proximity-dependent labeling can unveil protein-
protein associations and provide deeper insights into
cell structure and signaling network rewiring86,87.

From the model architecture perspective, vision
transformers88 or models leveraging convolutional neu-
ral networks (CNNs)89,90 are widely applicable to biolog-
ical images to model across multiple imaging channels
capturing di!erent biological features91,92,93,94, while
being robust to distribution shift and batch variability95.
Autoencoders and transformers have been successfully
applied for learning representations for sequence-based
data96,97,73,98,99. Using AI algorithms to integrate dif-
ferent data modalities collected with sequencing and
imaging technologies creates a multi-view model of the
cell that can be both dynamic and predictive100,101,102.

As the AIVC model grows in complexity, it is cru-
cial to also model cellular organelles and membraneless
compartments103 as units that play specific roles within
the cell. Robustly capturing the functions of these units
is vital to ensure accurate predictions, mechanistic in-
terpretability and model generalizability.

Given their prevalence, the cellular UR will initially
rely on transcriptomics measurements, while imaging
modalities will be key for continued modeling of cellular
spatial organization and dynamics.

Multicellular scale. At the third layer of abstraction,
the AIVC models the organization of cells into a mul-
ticellular UR (Fig. 2a,c). This layer allows for the ex-
ploration of how cell-cell interactions, largely governed
by spatial proximity, combine into tissues, organs and,
ultimately, whole organisms. Multicellular interactions
can be analyzed after tissue dissociation (such as in
scRNA-seq)104 or in situ in a 2D section or 3D volume,
where the tissue structure is preserved. Building the
AIVC will require integration across available modalities
that provide spatial insights, i.e., both spatial molecular
profiling as well as non-molecular tissue imaging data.

There are multiple methods to profile the spatial
location of RNA105, and proteins106 in cells, along with
various imaging methods for select molecular species
(e.g., immunohistochemistry), or with stains for tissue
strucutre alone (e.g., haematoxylin and eosin (H&E)).
Spatial molecular biology is currently a very active area
of research and method development. While publicly
available data are still limited, we foresee a rapid de-
velopment in this domain providing multi-omic 2D and

6

Tokens on Cellular Scale Tokens on Multicellular Scale

DNA

RNA

protein

Tokens on Molecular Scale

Tokenize across Biological Scales and Modalities …

gene expression countsstructures imagessequences

<latexit sha1_base64="weSkdMgd4NKj3mmfPfLVNniHfLo=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseClx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNM7uZ+54lrI2L1iNOE+xEdKREKRtFKDzhwB+WKW3UXIOvEy0kFcjQH5a/+MGZpxBUySY3peW6CfkY1Cib5rNRPDU8om9AR71mqaMSNny1OnZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieOtnQiUpcsWWi8JUEozJ/G8yFJozlFNLKNPC3krYmGrK0KZTsiF4qy+vk/ZV1atVa/fXlXojj6MIZ3AOl+DBDdShAU1oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPHwl0jaw=</latexit>

t0
<latexit sha1_base64="gk+3QQ9lJ/yZob9uhPMNSewq2eY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseClx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNM7uZ+54lrI2L1iNOE+xEdKREKRtFKDzjwBuWKW3UXIOvEy0kFcjQH5a/+MGZpxBUySY3peW6CfkY1Cib5rNRPDU8om9AR71mqaMSNny1OnZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieOtnQiUpcsWWi8JUEozJ/G8yFJozlFNLKNPC3krYmGrK0KZTsiF4qy+vk/ZV1atVa/fXlXojj6MIZ3AOl+DBDdShAU1oAYMRPMMrvDnSeXHenY9la8HJZ07hD5zPHwr4ja0=</latexit>

t1

… and Time

multiplex 

imaging

single-cell 

RNA-seq

Novel cell state 

discovery

?A

B

Spatial  

niches

Continuous 

dynamics

Extrinsic 

perturbation
Accessibility

Evaluation

Privacy

Community 

development

Interpretability

Human-Virtual Cell InteractionCapabilities and applications of the AI Virtual Cell

a.

c.

??

e.g.,

Intrinsic 

perturbation

cellular 

UR

Responsibility

1. 2.

3.

In silico 

experimentation
Digital twin

b.

AI Virtual Cell  

Foundation Model

Reference  

atlas

Multi-modal measurements across 

different scales of the cell

A C T C A 
C T A C T 
T A T G A 
A G A C A 
G C T G T 

whole 

genome 

sequencing

phenotypic  

information

genomic 

information

fluorescence 

microscopy

information on 

molecule localization

?

example of a 

Decoder VI

example of a  

Manipulator VI

e.g.,

e.g.,

spatial  

information

e.g.,

spatial 

transcriptomics

e.g.,  chemical or 

             genetic perturbation

responses to  

extrinsic  

& intrinsic  

perturbations

a.    Cellular building blocks, environments, …

receptor

…

DNA

RNA

protein

translation

cellular 

interaction

cell division

cell  

migration

Molecular scale Cellular scale Multicellular scale

Modeling  spatial interactions 

and cell-cell communication.

transcription

nucleus

A 
C 
U 
A 
 

RNA

A 
C 
T 
A 
G 
…

DNA

EMVRGQVFDV
GPRYTNLSYIG
EGAYGMVCSAY
DNVNKVRVAIK
KISPFEHQTYC
QRTLREIKIL…

DNA language model

c.   … behavior, and dynamics.

b.    Building the AI Virtual Cell through Universal Representations …

metabolites

cell  

differentiation

cell

tissue
replication

spatial organization

molecular 

interaction

ligand

target

protein

d.   … and Virtual Instruments.

unperturbed 

cell UR 

perturbed 

cell UR 

cell UR e.g., changes in 

phenotype

Manipulator  

Virtual Instruments

Decoder Virtual Instruments

P
h

y
s

ic
a

l 
c

e
ll

A
I 

V
ir

t
u

a
l 

C
e

ll

Molecular scale Cellular scale Multicellular scale

cellular 

Universal 

Representation

molecular 

Universal 

Representation

e.g., phenotypic readouts  

           from imaging and omics

cell UR

multicellular 

Universal 

Representation

e.g., for the cellular scale

AI virtual cell

a. b.

c. d. Hypothesis-generating framework  

for scientific research.

Diagnostic virtual cell models for 

individual patients.

Cell engineering to enable phenotypic drug discovery 

and cell-based therapeutics.

Unlocking the power of spatial biology to fight tumors.

patient

chemical drugs

genetic perturbations

e.g.,

or

spatial 

transcriptomics tumor heterogeneity and microenvironment

hypothesis

experimentation

design of new 

experiments

analysis

digital 

twin

node

features

edge

message 

passing

diffusion  

path

drift 

<latexit sha1_base64="+qqeNhg7gs2baKY/L31S1IZaCLI=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rEF+wFtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8N/PbT6g0j+WDmSToR3QoecgZNVZqhP1S2a24c5BV4uWkDDnq/dJXbxCzNEJpmKBadz03MX5GleFM4LTYSzUmlI3pELuWShqh9rP5oVNybpUBCWNlSxoyV39PZDTSehIFtjOiZqSXvZn4n9dNTXjjZ1wmqUHJFovCVBATk9nXZMAVMiMmllCmuL2VsBFVlBmbTdGG4C2/vEpalxWvWqk2rsq12zyOApzCGVyAB9dQg3uoQxMYIDzDK7w5j86L8+58LFrXnHzmBP7A+fwBzoOM9Q==</latexit>

f

time

convolutions

feature maps

image
…

…

subsampling

A 
C 
T 
A 
G 

…
transformer blocks

self-attention 

tokenized 

input

Universal 

Representations

molecular UR

cellular UR

multicellular UR

p
h

y
s

ic
a

l 
s

c
a

le
s

cell

tissue

e.g.,

Figure 2: Overview of the AI Virtual Cell. a. Similar to biological cells, b. the AI Virtual Cell models cell biology across di!erent
physical scales, including molecular, cellular, and multicellular. Along the physical dimension, the first scale models the state and
interactions of individual molecules, such as those of the central dogma, as well as additional molecules like metabolites. Molecules
can be represented as sequences or atomic structures. The next scale represents cells as collections of these molecules. For example,
such cells contain a genetic sequence, RNA transcripts and some quantities of proteins. Molecules within cells have specific locations
that may be related to their function. The final scale models the interactions between cells, how they communicate and form
complex tissues. Each scale relies on Universal Representations that are learned from multi-modal data and are integrating URs
from the previous scale. c. To capture the behavior and dynamics of physical cells, its components, or collections, d. the AI Virtual
Cell comprises Virtual Instruments. On the cellular scale, for example, Manipulator VIs simulate how cell states change as cells
divide, migrate, develop from progenitor states, or respond to perturbations through learned transitions in the URs. Decoder VIs
allow to decode the cell UR, e.g., to understand phenotypic properties.

living cells using time-lapse microscopy. Cryo-electron
microscopy determines biomolecular structures at near-
atomic resolution81,82. Super-resolution microscopy
o!ers deeper insights into molecular processes through
single-molecule imaging in living systems83,84,85. Com-
plementing imaging approaches, mass spectrometry
and proximity-dependent labeling can unveil protein-
protein associations and provide deeper insights into
cell structure and signaling network rewiring86,87.

From the model architecture perspective, vision
transformers88 or models leveraging convolutional neu-
ral networks (CNNs)89,90 are widely applicable to biolog-
ical images to model across multiple imaging channels
capturing di!erent biological features91,92,93,94, while
being robust to distribution shift and batch variability95.
Autoencoders and transformers have been successfully
applied for learning representations for sequence-based
data96,97,73,98,99. Using AI algorithms to integrate dif-
ferent data modalities collected with sequencing and
imaging technologies creates a multi-view model of the
cell that can be both dynamic and predictive100,101,102.

As the AIVC model grows in complexity, it is cru-
cial to also model cellular organelles and membraneless
compartments103 as units that play specific roles within
the cell. Robustly capturing the functions of these units
is vital to ensure accurate predictions, mechanistic in-
terpretability and model generalizability.

Given their prevalence, the cellular UR will initially
rely on transcriptomics measurements, while imaging
modalities will be key for continued modeling of cellular
spatial organization and dynamics.

Multicellular scale. At the third layer of abstraction,
the AIVC models the organization of cells into a mul-
ticellular UR (Fig. 2a,c). This layer allows for the ex-
ploration of how cell-cell interactions, largely governed
by spatial proximity, combine into tissues, organs and,
ultimately, whole organisms. Multicellular interactions
can be analyzed after tissue dissociation (such as in
scRNA-seq)104 or in situ in a 2D section or 3D volume,
where the tissue structure is preserved. Building the
AIVC will require integration across available modalities
that provide spatial insights, i.e., both spatial molecular
profiling as well as non-molecular tissue imaging data.

There are multiple methods to profile the spatial
location of RNA105, and proteins106 in cells, along with
various imaging methods for select molecular species
(e.g., immunohistochemistry), or with stains for tissue
strucutre alone (e.g., haematoxylin and eosin (H&E)).
Spatial molecular biology is currently a very active area
of research and method development. While publicly
available data are still limited, we foresee a rapid de-
velopment in this domain providing multi-omic 2D and
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CLIP: Understanding the Concepts


Understand how CLIP is trained through contrastive pretraining, describe how CLIP 
achieves zero-shot classification, understand effective prompting, and propose 
applications of CLIP beyond natural images and text.

LLaVA: Understanding the Concepts


Explain how CLIP and LLaVA differ and how they relate, justify the need for a trainable 
projection layer between vision and language components and its trade-offs to full fine-
tuning, and describe how these architectures can be adapted to “chat” with biological 
data like single-cell RNA sequences.

Exercise 8 · Task 1 .

Exercise 8 · Task 3 .
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CLIP: Zero-shot Classification and Latent Space Analysis


Implementing CLIP zero-shot classification, exploring prompt engineering strategies, 
analysing the embedding space structure, and testing CLIP's compositional 
understanding and attribute binding capabilities.

Code Notebook 8 · Task 2 .

LLaVA: Implementation and Attention Evaluation


Implementing and prompting LLaVA 1.6 for visual question answering, extracting and 
analysing attention patterns from the model, and examining how attention focuses on 
specific inputs depending on input context or predicted token.

Code Notebook 8 · Task 4 .
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