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This is not your typical machine
learning class...
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1. Thinking about
projects

2. Documentation
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1. Thinking about
projects
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Hwi1. Datasets
nw2.  Multimodal Fusion
Hwa.  Multimodal LLMs

Hwa. Reasoning & Reinforcement Learning
Hws.  Agents

Final Project
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We want to give you complete
freedom over what you apply the
required technigues to from each

week in the assignments.
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So here are some examples of
projects
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Credit: Google Teachable Machine



https://teachablemachine.withgoogle.com/
http://www.youtube.com/watch?v=T2qQGqZxkD0

Introducing DolphinGemma

Analyzing dolphins' natural, complex communication is a monumental task, and WDP's vast, labeled

dataset provides a unique opportunity for cutting-edge Al.

Enter DolphinGemma. Developed by Google, this Al model makes use of specific Google audio
technologies: the SoundStream tokenizer efficiently represents dolphin sounds, which are then
processed by a model architecture suited for complex sequences. This ~400M parameter model is

optimally-sized to run directly on the Pixel phones WDP uses in the field.

es (right) generat



Brain-to-Text


http://www.youtube.com/watch?v=qhGVQtUedvo&t=28

This Person Does Not Exist

The site that started it all, with the name
that says it all. Created using a style-
based generative adversarial network
(StyleGAN), this website had the tech
community buzzing with excitement and
intrigue and inspired many more sites.

This Waifu Does Not Exist

This one is a little stranger than the
others, but | bet you'll read more of the
plot summary than you expect. It's

nerat

This Person Does Not Exist

rk

This Cat Does Not Exist

These purr-fect GAN-made cats will
freshen your feeline-gs and make you
wish you could reach through your screen
and cuddle them. Once in a while the cats
have visual deformities due to
imperfections in the model - beware, they
can cause nightmares.

This Question Does Not Exist

By generating seemingly realistic Stack
Overflow questions, you can keep this
open on your computer to seem like

This Rental Does Not Exist

Why bother trying to look for the perfect
home when you can create one instead?
Just find a listing you like, buy some land,
build it, and then enjoy the rest of your
life.

This Resume Does Not Exist
To showcase their resume template
builder, this company went as far as to
incorporate TextgenRNN - not quite a
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ImageNet Roulette Exhibition



Through Wall Post Estimation using RF Signals (CSAIL)



https://rfpose.csail.mit.edu/
http://www.youtube.com/watch?v=HgDdaMy8KNE&t=3

SignAloud Gloves (MIT)


http://www.youtube.com/watch?v=NVCE7JR0FCQ&t=4

— auos Visual Expression Description (Ceq):
Audio Tone Description (Cuu.): <. ; av26 ve

AU-05: 0.36

AU-26: 1.03

Lexical Subtitle (Cys):

"Eyes widened, Wide-mouthed."
Iloh my!ll

Multi-modal Description (C):

Visual Objective Description (Cyod): "In the video, a woman is conversing with a man.

"The woman in the video is talking N, Her facial expressions, with eyes widened and

to a man, possibly discussing , mouth wide open, clearly show surprise. She

some- thing important or sharing \ amplifies this visual cue with an excited tone as

her thoughts and feelings." " ‘ ‘ she exclaims, "Oh my." This combination of voice
and expression indicates that she is experiencing

Classification Label (C./): . . surprise, likely in response to unexpected news
Raw Video & Audio shared during the conversation."

https://github.com/ZebangCheng/Emotion-LLaMA



PointLLM: Empowering Large Language Models to Understand
Point Clouds

anghai Al Laboratory<, Zhej

ECCV 2024 Best Paper Candidate

intLLM: Empowering Large Language Models to Understand Point Clouds. %

h PointLLM about the mod
out your n point clouds!

Why do people need cople s What is this object?
this thing?

This is a 3D model of a

This is a shoe designed

https://runsenxu.com/projects/PointLLM/



MemeMQA: Multimodal Question Answering for Memes
via Rationale-Based Inferencing

Siddhant Agarwal'*, Shivam Sharma?3*, Preslav Nakov‘, Tanmoy Chakraborty?
ndraprastha Institute of Information Technology Delhi, India
?Indian Institute of Technology Delhi, India *Wipro R&D (Lab45), India
“Mohamed bin Zayed University of Artificial Intelligence, UAE

siddhant20247@iiitd.ac.in, {shivam.sharma,

Abstract

Memes have evolved as a prevalent medium
for diverse communication, ranging from hu-
mour to propaganda. With the rising popular-
ity of image-focused content, there is a grow-
ing need to explore its potential harm from
different aspects. Previous studies have an-
alyzed memes in closed settings — detecting
harm, applying semantic labels, and offering
natural language explanations. To extend this
research, we introduce MemeMQA, a multimodal
question-answering framework aiming to so-
licit accurate responses to structured questions
while providing coherent explanations. We
curate MemeMQACorpus, a new dataset featur-
ing 1, 880 questions related to 1, 122 memes
with corresponding answer-explanation pairs.

/e further propose ARSENAL, a novel two-
stage multimodal framework that leverages
the reasoning capabilities of LLMs to address
MemeMQA. We benchmark MemeMQA using com-
petitive baselines and demonstrate its superi-
ority — ~18% enhanced answer prediction ac-
curacy and distinct text generation lead across
various metrics measuring lexical and seman-

tanchak}@ee.iitd.ac.in, preslav.nakov@mbzuai.ac.ae

(Question:

Answer: immigrants BECAUSE

Py, 2 |immigrants are lauded as
" 'm' contributing to the country's

diversity

Figure 1: The MemeMQA task: Given an input meme and
multiple choices, identify the correct answer and justify.

sometimes be harmful to the general audience, es-

pecially in the age of Internet virality. Previous

work has explored aspects such as harmfulness in

various forms, such as hate speech (Kiela et al.,
), cyber-bullying (S

offensive languages (Shang et a ), of memes,

typically in a black-box setting.

Memes, with their appealing format and influen-
tial nature on social media, necessitate the model-
ing of complex aspects like harmfulness, targeted
social groups, and offensive cues to assess their
narrative framing and ensure online content safetv.

MemeMQA: Multimodal Question Answering for Memes
via Rationale-Based Inferencing



[J README 55 GPL-3.0 license V4

ChartGemma: Visual Instruction-tuning for Chart
Reasoning in the Wild

» Authors: Ahmed Masry* Megh Thakkarx Aayush Bajaj, Aaryaman Kartha, Enamul Hoque, Shafiq Joty (*equal
contribution)

* Paper Link: ChartGemma

Chart Vision Linear Language Model
Patches Encoder Projection Gemma 2B

SigLIP400M —>» —>

I

What's the average of last three values
in green graph (round to one decimal)?

ChartGemma Model Checkpoints

We release the checkpoint for our pretrained model on huggingface.

https://github.com/vis-nlp/ChartGemma

1]



Protecting Indigenous Languages Using Automatic




a Hugging Face Q_ Search models, datasets, users... w Models & Datasets W Sp:

@ykilcher/gpt-4chan T Olike 143

License: apache-2.0

Text Generation @ Transformers () PyTorch © English gptj causal-lm [ arxiv:2109.07958

@ Modelcard = Files and versions | ¢ xet & Community 14

Access to this model has been disabled

Given its research scope, intentionally using the model for generating harmful content (non-exhaustive examples:
hate speech, spam generation, fake news, harassment and abuse, disparagement, and defamation) on all websites

where bots are prohibited is considered a misuse of this model. Head over to the Community page for further

discussion and potential next steps.



Computer vision

ImageBind: a new way
to ‘link’ Al across the
senses

Introducing ImageBind, the first Al model capable of binding data from
six modalities at once, without the need for explicit supervision. By
recognizing the relationships between these modalities — images and
video, audio, text, depth, thermal and inertial measurement units (IMUs)
— this breakthrough helps advance Al by enabling machines to better

analyze many different forms of information, together.

Explore the demo to see ImageBind's capabilities across image, audio
and text modalities.

See its capabilities

ImageBind

Heat map
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https:/lim4mr.github.io/



http://www.youtube.com/watch?v=j44JJtp272k

“Underwater “Forest Temple as “Watercolor painting of
Submarine” 3D Rendered in a fire-breathing
Unreal Engine” dragon”

CLIPDraw: Exploring Text-to-Drawing Synthesis



Valdemar Danry x Cenk Guzelis
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OPENING: _5PM, JULY 17
MIT MEDIA LAB, E14 LOBBY
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http://www.youtube.com/watch?v=2bdAH782_XI

ReLive: Walking into Virtual Reality Spaces from Video Recordings of One's Past



ReLive: Walking into Virtual Reality Spaces from Video Recordings of One's Past
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AlphaGo
AlphaStar

Unity ML Agents



Drow

croCodile

in under 20 se(onds

https://quickdraw.withgoogle.com/



“About A Hero”


http://www.youtube.com/watch?v=3IigFzxFpig&t=50



http://www.youtube.com/watch?v=yn0iVOtr6FE

Jordan Rudess and the jam_bot (MIT Media Lab)


http://www.youtube.com/watch?v=4Cqs-xCNpmg&t=55
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https://github.com/cbh123/narrator



http://www.youtube.com/watch?v=wOEz5xRLaRA&t=25
https://github.com/cbh123/narrator
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https://openvla.github.io/
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https://github.com/joonspk-research/generative_agents
http://www.youtube.com/watch?v=ZdoU9vI2yCg&t=4

— AL TOWN

town where AI character:

. ‘chat and socialize.

v -—

8/14/2023, 9:55:15 1

That sounds
anazins. 1 could reaily
muse 11 risnt about

Lucky 8/14/2823. 9:55:20

https://github.com/a16z-infra/ai-town

g werewolf 4 villager

| Goodmoring 1} Wl 1 agree with Player 1, 3and Player 4. B
yone. It e and analysis, | lso think Player 5s aitle suspicious. Butwe mightnot

ms like we had a vote to kil hm casually o) 2| inkP

peacefulnight |

was wonderingf

é witch

onmy observation

i guard w seer

3 i 1agree with Player 1 and Player 4 thatwe should ex
change informations actively. Based on my observation,

Good morning
everyone. As

< Player2 |

(S | R @Playerltl.\

G 10bserved that Player 5 was kil lastnight. As awitch,|used my
antidote o save him. Therefore, Player 5 may not be a werewolf, but
A\ pwas kiled by the werawolt ast right

villager, | dont have
any clear suspici
ons yet, but 'min
terestedin hearing
whatothers have

share? lthinkits
importantforusto | Rl
‘satdecieiy ) R

and sharing our
outwhothe | B} Player 1 any thoughts on
werewolves are whothe were
wolves mightbe?

3 I have to defend myself bacause | am innocent. | think we shouid ga
ther imformation and have a full iscussion now, we can't kil a potenti
alteammate in a hurry. On the contrary, | think Player 3 is a bit aggre-

he s one of the werewolf

| 1agree with Player1,2 and 6. I think we have to actively gatherinfor
‘mation and seriously speculate about who the werewolves are. We

should protect ourselves as much as possible and avoid being killed
by the werewolves. | will use my special abilty atnight ssive, and Isus

https://github.com/xuyuzhuang11/Werewolf

AT OFFICE

A virtual office with some familiar disital emplovees

% Michael % Jin % Pam - ¢ Duisht ® ansela £ Kevin ¥ Toby

https://github.com/Parcha-ai/ai-office

Epidemic Modeling with Generative Agents

Ross Williams', Niyousha Hosseinichimeh', Aritra Majumdar?, Navid Ghaffarzadegan'*

Industrial and Systems Engineering, Virginia Tech; Falls Church, VA 22043, USA.
“Computer Science, Virginia Tech; Falls Church, A

*Corresponding author. Email: navidg@vt.edu

This study offers a new paradigm of individual-level modeling to address the grand challenge of
incorporating human behavior in epidemic models. Using generative artificial intelligence in an
d each agent is empowered to make its own reasonings and decisions

ChatGPT. Through various simulation
gents mimic real-world behaviors

Epidemic Modeling with Generative Agents

 Stanley

https://github.com/OpenBMB/ChatDev

United States - Maintain safety

at Brtain

Hungary - Desire peace

unless being provoked a o
at s catainly

or engage i a war t
winnable and prof

ofer

https://github.com/agiresearch/WarAgent





https://docs.google.com/file/d/1rzDzDohcroqMBZIcBOsGQ5qxUoN1Z3uC/preview

OPENCLAW

Chat

Integration:

Meeting Detectio
Linkedin Prof
ip Mistory:

lal Media & News:

Briofing Format (W
248 ATTENDEES: (Name 1) - [Title)

https://github.com/openclaw/openclaw



The goal of this class is to teach you
how to use multimodal Al to make
(almost) anything
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After each assignment there will be a
show and tell of everyone’s projects
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For final your project this can
Include new techniques, datasets,
applications or empirical findings
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Examples of Previous Project Reports

Project reports from student teams who participated in the MMAI course

We list here only project reports that were publicly released by students. It should be noted that some of these links
are for the follow-up submissions to conferences, after some revisions of the original project reports.

Phoebe Chua, Cathy Mengying Fang, Takehiko Ohkawa, Raja Kushalnagar, Suranga Nanayakkara, Pattie Maes.
EmoSign: A Multimodal Dataset for Understanding Emotions in American Sign Language. arXiv 2025

Chenyu Zhang, Minsol Kim, Shohreh Ghorbani, Jingyao Wu, Rosalind Picard, Patricia Maes, Paul Pu Liang. When
One Modality Sabotages the Others: A Diagnostic Lens on Multimodal Reasoning. NeurlPS 2025 Workshop

Shohreh Ghorbani, Chenyu Zhang, Minsol Kim, Jingyao Wu. Beyond Accuracy: A Diagnostic Protocol for Fairly
Evaluating Multimodal Reasoning. NeurlPS 2025 Workshop

Haofei Yu, Zhengyang Qi, Lawrence Jang, Russ Salakhutdinov, Louis-Philippe Morency, Paul Pu Liang. MMoE:
Enhancing Multimodal Models with Mixtures of Multimodal Interaction Experts. EMNLP 2024

Alex Wilf, Leena Mathur, Sheryl Mathew, Claire Ko, Youssouf Kebe, Paul Pu Liang, Louis-Philippe Morency. Social-iq
2.0 Challenge: Benchmarking Multimodal Social Understanding. ICCV 2023 Challenge

Vedant Palit, Rohan Pandey, Aryaman Arora, Paul Pu Liang. Towards Vision-Language Mechanistic Interpretability: A
Causal Tracing Tool for BLIP. ICCV 2023

Dong Won Lee, Chaitanya Ahuja, Paul Pu Liang, Sanika Natu, Louis-Philippe Morency. Multimodal Lecture
Presentations Dataset: Understanding Multimodality in Educational Slides. ICCV 2023

Himanshu Thakur, Atishay Jain, Praneetha Vaddamanu, Paul Pu Liang, Louis-Philippe Morency. Language Models
Get a Gender Makeover: Mitigating Gender Bias with Few-Shot Data Interventions. ACL 2023



1. Thinking about
projects

2. Documentation
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Setting up your class page

Modeling Multimodal Al Class - Spring 2026



Thinking about Thinking
about Al Projects

Modeling Multimodal Al Class - Spring 2026



I I I N -
I I Massachusetts Institute of Technology

MAS.S60/6.S985
Dataset Collection and Preprocessing

Edgar Morfin
MAS.S60/6.5985 TA 2/10/2026



Part One
Data Collection

Massachusetts Institute of Technology



First Steps

» Obtaining a good dataset is imperative for
any ML/AI project

« Bad data -> Bad results (Bad!)

» Before beginning collection, we should
first identify the following:

* What is the overall goal?

* For multimodal projects: What
specific modalities are we
interested in utilizing?

* These questions help shorten the search
or creation of datasets.

Massachusetts Institute of Technology

Video Clip
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4. Disgust 5. Anger 6. Surprise

verywell



Forming a Dataset

* Now we need to find a dataset that best
suits our needs
» Ideally try to find one that has all the
modalities that you plan on using
« If not — find one which you can
then extract any missing modalities
from
« Don'’t restrain yourself to the limitations of
current datasets — sometimes you have
to be creative if trying to solve issue!

Massachusetts Institute of Technology

MELD Dataset:

Surprise
(Positive)

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Dialogue

Emotion

1) You liked it? You

really liked it?

(Sentiment) :

2) Oh, yeah!

Joy
(Positive)

Neutral
(Neutral)

3) Which part
exactly?

Neutral
(Neutral)

Anger
(Negative)

5) What about the
scene with the

4) The whole thing!
Can we go?

Neutral
(Neutral)

kangaroo?

6) | was surprised to
see a kangaroo in a
world war epic.

Surprise
(Negative)

8) Don’t go,
I'm sorry.

Sadness
(Negative)




Part Two
Data Preprocessing/Feature

Extraction

Massachusetts Institute of Technology



When doing preprocessing or feature
extraction, here’s how to code up all
the algorithms for a modality of
interest.




Do Not.

Massachusetts Institute of Technology



Data Preprocessing/Feature Extraction

» Of course there can be exceptions to
what was said, like when a project
focuses on that or if there does not exist
a better way to do it, but...

* These days there are

* Multimodal datasets with the
modalities of interest already
extracted

» Open source packages that can do
this extraction for you pretty easily
(you may have to code up some
logic to do it in a loop)

« But generally, you should not need to
completely code up from scratch logic to
extract a modality. Just use what is
already out there if possible.

Massachusetts Institute of Technology

Surprise
(Positive)

_______________________________________________________________________________

5) What about the
scene with the
kangaroo?

1) You liked it? You
really liked it?

Joey

Dialogue

Emotion
(Sentiment) :

Neutral
(Neutral)

Joy
(Positive)

3) Which part
exactly?

4) The whole thing!

Can we go?

Neutral

(Neutral)

Neutral
(Neutral)

6) | was surprised to
see a kangaroo in a

world war epic.

Surprise
(Negative)

Anger
(Negative)

8) Don't go,
| m sorry.

Sadness
(Negative)

This already has video audio and text modalities —
just download and use what | need.



Example Packages for * Video
Extracting Modalities

« FFMpeg

« OpenCV

* MoviePy
* Audio

« Low-Level Features

« OpenSMLE
* PyAudioAnalysis
« FFMpeg

* Facial Features
 MediaPipe

 OpenFace

Massachusetts Institute of Technology



Example Packages for
Extracting Modalities

Massachusetts Institute of Technology

» Text

*  OpenAl Whisper
* MoviePy
« OpenCV

« SpeechRecognition

 OpenPose
 MediaPipe

For other more niche modalities, either there does exist
a package to extract it, the dataset has already done it
or you may need to do it yourself. Look deep and be
creative if needed!

Most importantly, be aware of package dependencies!
Always make sure to set up these packages in a virtual
environment!

10



Part Three
A More Real Example of This

Massachusetts Institute of Technology

1"



A More Real Example (Background)

ADOS (Autism Detection)

Official diagnostic for placing children
within the spectrum
Children are present in a very specific
room with examiner and parents
* Presented with various stimuli and
responses are recorded and noted
by examiner, with video recording
to later review
Responses are used to score items in the
exam which are group by specific type of
response
* Scores are aggregated to create
final score

Massachusetts Institute of Technology


https://docs.google.com/file/d/1Awg7oOmjQf1a0XjBDHuiEDKo3sX56qrN/preview

A More Real Example (Background)

+ Raw data is in the form of these video sessions
« These are very long videos that current multimodal models cannot handle (this is a open
question/problem currently being researched!)
» Just training on this would not likely yield beneficial results/models
« Subtleties in body movement, pitch, facial expressions could be lost
« Extracting modalities could allow models to capture these subtleties and better score ADOS items

Massachusetts Institute of Technology



A More Real Example

* Modalities Captured
« Video (Broken into shorter-length
segments)
* Audio
« Text (Video Captions/dialogue)
* Facial Features
* Video Summaries
* Mid Level Features

«  Emotion
 Sentiment
* Anxiety

* Depression

Massachusetts Institute of Technology



A More Real Example

Prompt: Zero-shot prompt. Knowledge Integration Supervised Fine-tuning

i Video Raw Data
Ouput ? Ouput
& Audio Raw Data

 How to get video summaries? .
» ldea from another paper: L udeDuspien || Ao Deien A
« Use available models to do this for
us

* Resulting summaries may not be perfect,
but with a little bit of nuding and proper
WOFdIng We Can get decent reSUItS chcz T; (((((( the video, the s change from concern to surprise and then to a more determined look as

* Rationale: Current Multimodal LLMs are : e Thisotid i chiasdtesiied by a dep rumbliog and & chiite Goal : ‘;
still very text-hungry/text-dependent. R il i e R RS
Providing additional text in the from of

generated video summaries as extra |dea + Image credits: Luo, M., Long, J., Li, Z.,

context, even if not perfect — improved Yang, Y., Jiang, Y., & Mai, S. (2025). Multimodal

performance! Large Language Models for End-to-End Affective
Computing: Benchmarking and Boosting with
Generative Knowledge Prompting. arXiv preprint
arXiv:2508.02429.

* Video Description Sentiment Score: -1

Video Description: The video features a firefighter in full gear, including a helmet with a light attached to it. The firefighter is seen holding a smartphone and appears to

‘ 1
it convey a sense of distress or alarm. The background includes a

Massachusetts Institute of Technology




A More Real Example
Video Clip

Y

» If we only have the video, how am | also
getting mid level features? Model +
- We can’t have humans providing Instruction Tuning
this info as nice as it would be
(subjective + painstaking)... *
+ So we'll use models to do this with
instruction tuning! Types of Basic Emotions
« Essentially tell a baseline model or ot W )
one more trained for our purposes: i
“Here is video. Tell me what X is V o\ g
using only the following options: {1, THappn;; b S—
2,3,4...}
S §t =
£
4. Ijsgust 5. Anger 6. Surprise

Massachusetts Institute of Technology
verywell



A More Real Example

« Constructed a feature extraction pipeline
for ados sessions to test if including
these features as part of the dataset to
train on — improved performance.

» Showcase of some extracted features
from current results!

» Top: ADOS video
* Bottom: Result of doing feature
extraction live

Massachusetts Institute of Technology

/

, "'Q "
<28

Readyfset¥oh, where did it'go?
o

Depression: no

ositive
Emotion: hoppy

Depression: no
tsd: no

_ Anxiety: no
Sentiment: positive
Emotion: happy



https://docs.google.com/file/d/1VtDSe7bp3S57s-BLP_Dn_r1H_4IZwMnO/preview
https://docs.google.com/file/d/1VpZmlbT6e5aTaxmDNikP-j3Zl3bRGbSR/preview
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MAS S60: PyTorch & Huggingface Tutorial

Before class:

Register for an Huggingface & Wandb Account
Open Colabs below:

Pytorch:

Huggingface:

View Slides at


http://torch.dd.works
http://hf.dd.works
http://s60.dd.works

How to Design ML Models for New Data

- Look at the data first

- For simple, low dimensional data, start with simple
models (SVM, Random Forest, Shallow MLP/CNN)

- For vision/language data, try pretrained model

- Start simple, then add complexity. Simple ones can be
used as baselines.

Massachusetts Institute of Technology



How to Debug Your Model

Look at the data first. Is the input data & label correct?
- Ensure no data leakage; o161
- Look at the outputs. Is model only predicting one .
label?
- Label imbalance: Data Augmentation; loss scaling
- Look at the training loss
- Loss is nan: Inspect weights and inputs for NaN values.
Make sure weights are initialized. LLM: Use bfloat16

instead of float16.
- Loss not changing: Model underfitting. Increase learning

[ s o
Epoch 1144/1145 [ ]

rate; decrease weight decay; Add more complexity; Use S

Epoch 1145/1145 [

better optimizer*.
Understand every line of your code.

* Personal tip: | recommend trying second order optimizers from packages like Heavyball

Massachusetts Institute of Technology


https://github.com/ClashLuke/HeavyBall

How to Debug Your Model (Continued)

- Look at Loss (Continued)

Loss highly varied/increasing: Decrease learning rate;
Gradient Clipping; Use better Optimizers 2
- <

- Look at train vs val accuracy (or any other
metrics)

- Train >> Val: Model overfitting. More weight decay,

reduce model complexity, data augmentation, get
more data

- Train = Val = 100%: Check for data leakage

Loss

Massachusetts Institute of Technology



