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MULTFMODAL NLP

AReal world tasks and reasoning often utilizes more than one modality.
ALanguage
ASpeech, reading, writing, Braille
ASound
AVision
ATouch
Aetcl

AWe will focus on language + vision,
ABut there is active research in combining other modalities.



MULTFMODAL NLP

Language input Parsing Reasoning Generation Language output
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MULTFMODAL NLP

Language input _)m —> Language output




MULTFMODAL NLP

Language input Parsing Generation Language output

Reasoning

Image input Parsing Generation Image output

Also called multi- modal large language model (MLLM).



MULTFMODAL NLP EXAMPLES

‘ please describe this image

@ This image features a framed painting of Purdue University. The artwork is displayed on a
white marble wall, creating an elegant contrast with the white frame and painting.

The painting itself depicts the iconic entrance to Purdue University. A white pathway leads
from the foreground to the university building in the background. On either side of the path
are well-maintained green lawns and bushes.

[molmo.allenai.org]



MULTFMODAL NLP EXAMPLES

4, 5 5 5 ~ Question: The derivative of y at x = 6 1s that at z = 8.
3f e o o . ) Choices: (A) larger than (B) equal to (C) smaller than
S e R - 2 Answer: (A) larger than
1 ....................................................................
| 1‘”3 Question: How many zeros does this function have?

At/ I— T — — ~ Answer: 1
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MULTFMODAL NLP

ACore problem How to represent images?

AWe represent text as a sequence of tokens.
AEach token is mapped into an embedding vector.

ACan we apply the same idea to images?
ARasterized images are a 2D grid of pixels (typically with RGB values).

Aldea: Divide an image into patches.
AMap each patch into a vector.
AProvide these vectors as input to a transformer.



VISION TRANSFORMER

AFirst divide an image inton x n pixel patches.
AArrange them in a linear order (e.g., rowmajor).

[ Dosovitskiy, Beyer, Kolesnikov, and Weissenborn et al., 2021]
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VISION TRANSFORMER

AEach patch is now a3n?-dimensional vector (assuming 3 channels; e.g., RGB).
AUse a linear layer to map each patch vector into an embedding.
AAdd a position embedding to each patch embedding.

AThe first token is a special [class] token.
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* Extra learnable ] . K
[class] embedding Linear Projection of Flattened Patches
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[ Dosovitskiy, Beyer, Kolesnikov, and Weissenborn et al., 2021] 11



VISION TRANSFORMER

MLP ARun the embeddings through
| Head \ an encoder only transformer

(.e., no causal mask).

ATake the output embedding
of the first token.

Patch + Posi ‘ Alf the task is multi-class
Tmieaaimg > O W) €L G gelcse classification:

* Extra learnable

[class] embedding [ Llnear PrOJecuon of Flattened Patches A App|y a |ineal‘ |ayer and a
' | softmax.
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[ Dosovitskiy, Beyer, Kolesnikov, and Weissenborn et al., 2021] 12



VISION TRANSFORMER

Vision Transformer (ViT)

MLP
Head

Transformer Encoder

* Extra learnable
[class] embedding Linear Projection of Flattened Patches
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[Dosovitskiy, Beyer, Kolesnikov, and Weissenborn et al., 2021]

e - G AL daed @ D) @fg
| | |

Transformer Encoder

MLP

|

Norm

[ Multi-Head |
Attention

Norm

e —

| Embedded
Patches

13



VISION TRANSFORMER

AThis approach is called theVision Transformer(ViT: Dosovitskiy, Beyer,
Kolesnikov, and Weissenborn et al., 2021).

AThey tested on theimage classification task:
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[ Dosovitskiy, Beyer, Kolesnikov, and Weissenborn et al., 2021]



VISION TRANSFORMER

AVision transformers have better scaling properties thanResNets

ACombining ViTswith ResNetsleads to better performance at lower compute,

but the gap is closed at larger scales.
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[ Dosovitskiy, Beyer, Kolesnikov, and Weissenborn et al., 2021]
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VISION TRANSFORMER

Input  Attention

AJust as we can inspect the attention weights in
transformer layers for a specific text input sequence,

AWe can do the same for the vision transformer.

AShade each image patch according to how much the
output token attends to that patch:

(brighter areas indicate higher attention)

AThe output token tends to attend to the object that
specifies the class (i.e., dog, planeegtc).

[ Dosovitskiy, Beyer, Kolesnikov, and Weissenborn et al., 2021] 16



VISION TRANSFORMER

ViT-L/16
AWe can also measure the distance between 5 __ . °
a patch that attends to another patch. I B '..;'"l'.,...,l'
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[ Dosovitskiy, Beyer, Kolesnikov, and Weissenborn et al., 2021] 17



CLIP

ABut what if we want a model to take both images and text as input?
AAnd then perform tasks as a function of both the image and text?

AWe need some sort of shared representation of both images and text.

AThe image class label does not provide much information about the image.
AA text description of the image would be much better.

Aldea:
Learn image and text representations jointly in ashared embedding space
AlLearn an image encoderf,(z) -> z..
AlLearn a text encoder f.(z) -> z.

18



CLIP

Aldea:
AlLearn animage encoder f,(z) -> z..
AE.qg., vision transformer
AlLearn atext encoder f.(z) -> z.
AE.g., transformer

A Such that for any image with corresponding text description, the
representations, z; and z,, should be close.

AAnd for any image and unrelated text, the representations should be far.

ALearn the mappings given a sufficiently large dataset of (image, text
description) pairs.

19



CLIP

AHow do we train a model to produce such text and image representations?
AWhat would the loss function look like?

AWhat if we took & image-text pairs,
encoded the images with the image encoder,
encoded the text descriptions with the text encoder,
maximize the cosine similarity of the correct image text embedding pairs,
and minimize the cosine similarity of the incorrect image text pairs.

AThis approach is calledCLIP(Contrastive Language Image Pretraining;
Radford and Kim et al., 2021).

20



[Radford and Kim et al., 2021]
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CLIP

AThe loss function is:

eVi- w; /T eVs’ w; /T

——ZIHZ e'vzw]/T —_glnz evzw]/T

1

AThe sum is over thev image-text pairs.
A, is the embedding of the 4t» image.
ij IS the embedding of the 5 text description.

A Tis a temperature parameter.

[wikipedia.org/wiki/Contrastive _Language-Image_Pre training]
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CLIP

AThe loss function is:

vi-w; /T vjw;/T

€ €
__Zlnz 6'vzwj/T __;hlz 6vsz/T

1

ABy minimizing the loss, we aremaximizing the vector similarity between v,
and w; (and v; and w)).

[wikipedia.org/wiki/Contrastive_Language-Image_Pretraining]



CLIP

AThe loss function is:

1 eV’ e
— — In — — In
N Z Z] evi'wj/T N ; ZZ evi°wj/T

’Uj“tUj/T

AAnd we are simultaneouslyminimizing the vector similarity between other
iImage-text description pairs: v, and w,,

AEach termis actuallyacrossl +-¢2° } ¢®®U sl -1 +s
(logit) for the pair (i,j) Is v,w,/T and the correct label is (1,1).

[wikipedia.org/wiki/Contrastive_Language-Image_Pre training] 24



AWe can apply the learned
embeddings for other
downstream tasks.

(akin to how we can use
BERT + a linear layer for
downstream NLP tasks)

A3¢- |t ~a@d Q=
Image classification:

CLIP

plane \
car
> A photo of Text
a {object}. Encoder
bird /
Y Y Y Y
\ T, T, T3 In
Image I T, | ;T | T I,-T
-_>Encoder_}l IR RS R S R S R K 1IN
/ A photo of
a dog.
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StanfordCars

C L I P Country211
Food101

Kinetics700

SST2

SUN397

UCF101

HatefulMemes

ACompare CLIP zereshot image classification CIFARS00

to a fully-supervised baseline: FERIOLS
ATest on several different datasets. CmageNet

OxfordPets
PascalvOC2007

+0.5
Birdsnap

MNIST

FGVCAircraft

RESISC45

Flowers102

DTD

CLEVRCounts

GTSRB

PatchCamelyon

KITTI Distance

EuroSIAT . . |

APerforms better than supervised baseline on
many datasets,

ABut also not as well on other datasets.

—-40 -30 -20 -10 O 10 20 30 40

A Score (%)
Zero-Shot CLIP vs. Linear Probe on ResNet50

[Radford and Kim et al., 2021] 26



CLIP

A Average error rate scales smoothly as a function of training compute.
ALight blue curves are error rates on individual datasets.
ANote: y-axis is not loss, unlike LM scaling laws.
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VISION + LANGUAGE MODELING?

AWhat if we want to generate text, as in autoregressive language modeling?
AWhere the input is images + text.

Aldea: Start with an instruction-tuned LLM (decodetonly).
ATake the embeddings from an image encoder.

AUse a linear layer to project these embeddings into the same dimension
as the word embedding space of the LLM.

AThis is often called theconnector, and other architectures can be used.
AFine-tune the linear layer and LLM (image encoder is frozen).

AThis was the idea behindLLaVA (Large Language and Vision Assistant; Liu
and Li et al., 2023).
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LLAVA

ALLaVAuses Vicuna as the LM and CLIP as the image encoder.
AThe output of CLIP isZ,

Awis the linear transformation that converts CLIP embeddings into Vicuna
token embeddings.

Language Model f¢

Projection W 7 H,

v

Hq

Vision Encoder ){V Image Xq Language Instruction

[Liu and Li et al., 2023] 29



LLAVA

ALLaVAis fine-tuned using conversationformatted data:
AEach example looks like:
User: [image] [question text 1]
Model: [response text 1]
User: [question text 2]
Model: [response text 2]

AThey convert regular image caption data into this format:

User: [image] Describe this image briefly.
Model: [image caption]
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LLAVA

AThey split fine-tuning into two steps:
AFirst, they fine-tune only the w projection (between CLIP outputs and
Vicuna inputs).

ALLM and CLIP weights are frozen.

ASecond they fine-tune the LM and w jointly.
AThey use a larger dataset for this stage.
AThey use textonly GPT4 and ChatGPT to help generate this data.
ASome image datasets include bounding box annotations:

A.grgd e+xsl -1 t® _ h_- qgq-¢~ 2¢®t =+t ¢ Ci
AWe can describe the contents of the image entirely in text using these
bounding boxes.
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[Liu and Li et al., 2023]

DATA GENERATION FQRAVA

Context type 1: Captions

A group of people standing outside of a black vehicle with various luggage.
Luggage surrounds a vehicle in an underground parking area

People try to fit all of their luggage in an SUV. B
The sport utility vehicle is parked in the public garage, being packed for a tripg
Some people with luggage near a van that is transporting it.
Context type 2: Boxes e
person: [0.681, 0.242, 0.774, 0.694], backpack: [0.384, 0.696, 0.485, 0.914], suitcase: ...<omitted>

Response type 1: conversation

Question: What type of vehicle is featured in the image?

Answer: The image features a black sport utility vehicle (SUV) ...<omitted>

Response type 2: detailed description

The image is an underground parking area with a black sport utility vehicle (SUV) parked. There
are three people in the scene, with one person standing closer to the left side of the vehicle, another
person in the middle, and the third person on the right side. They are all working together to pack
their luggage into the SUV for a trip. ...<omitted>

Response type 3: complex reasoning

Question: What challenges do these people face?

Answer: In the image, a group of people is standing outside a black SUV in a parking area,
surrounded by various pieces of luggage, including suitcases and backpacks. They are facing the
challenge of fitting all their luggage into the black SUV. There are multiple suitcases and backpacks
to be packed, which suggests that the group has a significant amount of belongings ...<omitted>
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[Liu and Li et al., 2023]

LLAVAEXAMPLE

Visual input example, Extreme Ironing:

User
LLaVA

User
LLaVA

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

What is unusual about this image?

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)

What’s happening in the scene?

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.
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"Point to Mt. Rainier”

MOLMO

"Mt.Rainier"

Molmo

“Point to Mt. Rainier”,

\ 4

Tokenizer
v

Vision |
Encoder

Connector

SR
Ve

Rainier” >Mt
Rainier</point >

AMore recently, Deitke and Clark et
al. (2024) developedMolmo
(Multimodal Open Language
Model).

AThey followed the same recipe of
connecting an image encoder with
an LM.

AThey also use CLIP for the
Image encoder.

AThey try different LMs:
A0OLMo-7B, OLMoE-1B-7B
AQuen2 7B, Quen2 72B

AOpen source! .



Almage tokenization:

ATo enable handling of
higher-resolution
Images with non-1:1
aspect ratio,

AAdd black bars to
top/bottom/sides so

make the aspect ratio
1:1.

ADownscale the image
Into lower resolution
before tokenization.

AAlso crop the image
(while maintaining
higher resolution).

[Deitke and Clark et al., 2024]
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MOLMOVISION LANGUAGE CONNECTOR

ATheir connectorarchitecture is interesting:
Alnstead of taking the patch embeddings from the last layer of CLIP,
AThey use the embeddings from the B-to-last and 10t-to-last layers.
(empirically, they found this performed better for some reason)

AFor each layer, collect each set of 2x2 patches and apply anulti- head
attention layer.

AThe key and value vectors come from the 4 patches,

AOs| -l E® ¢ }° E =2]-°9 .| h+¢-0 ,sths
A3t _}}° 2® _ }t I _- '} _°] - ¢ ~_ 2@ %
dimension.
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MOLMOTRAINING DATA

ATo train Molmo, they collected a large high quality multimodal dataset.
AThey called it PixMo (Pixels for Molmo).

AThey gathered images from the internet.
AAsk 3 annotators to provide spoken descriptions (at least 60 seconds).
ABut this was too slow,

A So later they switch to 1 annotator per image (at least 90 seconds).
AThey prompted annotators with 7 questions to answer per image.
AThe speech was transcribed using speecho-text, and an LLM

summarized the transcripts to produce a caption.
A712k images, and 1.3M transcripts and captions.

A Also open source! -



PIXMO

AThey further augmented their data for specific tasks:
Almage question-answering
APointing (e.g, ‘point to Mount Rainier’ in the given image)
A Caption question-answering
ATime-telling question-answering (read an image of a clock)
ACounting (e.g., ‘how many people are in this image?’)
AReading charts/plots

ASome of these augmentations relied on further human annotation.

AMany relied on text-only LLMSs.
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PixMo

Captions
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LLM
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[Deitke and Clark et al., 2024]

Molmo

Fine-grained Understanding

Describe thisimage

User Interaction

Where is this bus going?

The image ca/?tures abustling scene at the Louvre Museum in Paris, France.
Dominating the foreground is the iconic Louvre Pyramid, a large glass and metal
structure that stands prominently in the center of the courtyard. The pyramid's
intricate design allows light to filter through, illuminating the area beneath.
Surrounding the pyramid, the courtyard is paved with stone and features a
series of fountains, each with water jets shooting upwards, creating a dynamic
and lively atmosphere. In the background, the grand Louvre Palace stretches
across the frame. This historic building, with its ornate architecture, showcases
a blend of yellow and brown hues, accented by numerous pillars and ...

The bus is heading to Its 2:00pm on November 15th,
Highland Park. This s Gnipaikhere? o, you cannot park
clearly visible on the A November 15th. The
destination sign at the parking sign clear!
front of the bus, which b

; 4 shows that from 1 PM to
g}’zgﬁy s “7IBHIGHLAND 11 PM on November

15th, there is no parking
allowed in this area...

Pointing and Counting

Count the tables

Visual Skills

What were the total sales of
Cassettes and Vinylin 1980?

What things can be
used to write with?
Thin
thatbgs
canbe
15 tables e el
write
with
According to the data sheet, whatis
the bounce rate of Udcity?
10billion 7 e = 349
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TRAININGMOLMO

AUnlike LLaVA Molmo is
pretrained end-to-end.

AAIl three components,ViT,
connector, and LM, are
trained simultaneously.

ABut with different learning
rates for each.

APretraining is done only on
the image- caption data.

A After pretraining, they fine-tune
on the full PixMo dataset + other

open-source visual QA datasets.

[Deitke and Clark et al., 2024]
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< ~ 3
= § — g —_ 8 ?C; é E

.2 35 %: 8% 5% 85 F_83 £2: i & | %

az 2 ov g8z £ 2 ¥ — S—- =Z—- T2 20 EIR% @ 2 2
model <=2 02 F2 af E2 FF g =2F ZFEZ 0 mE = = =
API call only
GPT-4V [88] 894 781 772 872 751 780 614 63.1 581 699 450 71.1 1041 10
GPT-40-0513 [90] 942 857 787 928 792 774 754 691 638 879 596 785 1079 1
Gemini 1.5 Flash [103] 91.7 854 80.1 899 753 787 675 56.1 584 816 61.1 751 1054 7
Gemini 1.5 Pro [103] 944 872 802 931 810 787 704 622 639 858 643 783 1074 3
Claude-3 Haiku [7] 86.7 81.7 684 888 56.1 673 455 502 464 83.0 439 653 999 18
Claude-3 Opus [7] 88.1 808 663 893 556 675 498 594 505 836 433 66.7 971
Claude-3.5 Sonnet [7] 947 90.8 707 952 743 741 60.1 683 67.7 89.7 583 76.7 1069
Open weights only
PaliGemma-mix-3B [10] 723 337 763 313 214 560 552 349 287 806 600 50.0 937 27
Phi3.5-Vision-4B [1] 78.1 81.8 757 693 366 720 53.6 430 439 646 383 59.7 082 19
Qwen2-VL-7B [111] 83.0 830 829 945 765 843 701 541 582 765 480 73.7 1025 14
Qwen2-VL-72B [111] 88.1 883 819 965 845 855 778 645 705 804 557 794 1037 12
InternVL2-8B [104] 83.8 833 767 916 748 774 642 512 583 578 439 694 953 23
InternVL2-Llama-3-76B [104] 87.6 884 856 941 820 844 727 582 655 747 546 77.1 1018 16
Pixtral-12B [3] 79.0 81.8 802 90.7 508 757 654 525 58.0 788 517 69.5 1016 17
Llama-3.2V-11B-Instruct [5] 91.1 834 752 884 636 797 641 507 515 731 474 698 1040 11
Llama-3.2V-90B-Instruct [5] 923 855 781 901 672 823 698 603 573 785 585 745 1063 5
Open weights + data (7 distilled)
LLaVA-1.5-7B [69] 555 17.8 785 28.1 258 582 548 357 256 40.1 276 40.7 951 26
LLaVA-1.5-13B [69] 61.1 182 80.0 303 294 613 553 370 27.7 47.1 352 439 960 22
xGen-MM-interleave-4Bf [119]  74.2 60.0 815 614 315 710 612 41.1 405 819 502 595 979 20
Cambrian-1-8Bf [106] 73.0 733 812 778 416 717 642 427 49.0 764 466 634 952 25
Cambrian-1-34B7 [106] 797 756 838 755 460 767 678 497 532 756 507 66.8 953 24
[.L.aVA OneVision-7B{ [59] 81.4 B0O.0 840 875 688 783 663 488 632 788 544 720 1024 15
LLaVA OneVision-72Bf [59] 856 837 852 913 749 805 719 568 675 843 607 766 1051 8
The Molmo family: Open weights, Open data, Open training code, Open evaluations
MolmoE-1B 86.4 78.0 839 777 539 788 604 349 340 872 796 686 1032 13
Molmo-7B-0 90.7 804 853 908 700 804 675 393 445 89.0 833 746 1051 9
Molmo-7B-D 932 84.1 856 922 726 817 707 453 51.6 885 848 773 1056 6
Molmo-72B 96.3 873 865 935 819 831 752 541 58.6 91.2 852 812 1077 2
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HOW DO WESENERAE TEXT+MAGE®

Language input Parsing Generation Language output

Reasoning

Image input Parsing Generation Image output
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[https:/chatgpt.com]

IMAGE GENERATION EXAMPLE

= ChatGPT v ©

Image of Purdue in Art Deco style.
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IMAGE GENERATION EXAMPLE

Liquid: Language Models are Scalable and Unified Multi-modal
Generators

Liquid has been open-sourced on @) Huggingface and 3% GitHub. If you find Liquid useful, a like@ or a
star3% would be appreciated.

Liquid explores the potential of a single LLM as a multimodal generator and its scaling laws. It achieves the level of
diffusion models in visual generation and discovers the mutual enhancement between understanding and generation.
More details can be found on the project homepage and in the paper.

Text To Image nage To Text

Enter a text prompt or simply try one of the examples below to generate 4 images at once. Click to display the full
image. You can configure hyperparameters for image generation in the Advanced Settings.

) Advanced Settings «

Chatbot

A picture of Purdue in Art Deco style

[huggingface.co/spaces/Junfeng5/Liquid_demo]



GENERATING IMAGES

ASimple idea:
AUse an imagetokenizerand detokenizer

AWe can use the tokenizer to convert multi
modal input (containing images and text) { J[ J[

Into a sequence containing text and image

tokens. T T L [ .ma:e Token:zer ]

\
“What can | bake /é \
with this?” — — -
U TEXTFROMET V4 \_ “IMAGE PROMPT J

[Chameleon Team, 2025] 45



GENERATING IMAGES

=

End
Image

ASimple idea:

A

A

AUse an imagetokenizerand detokenizer. LMixed-ModaI Auto-Regressive LMJ

AWe can use the tokenizer to convert multi . §

[

A

modal input (containing images and text) [ }

o

Into a sequence containing text and image

tokens $ T
AThen we can apply any model for aute p
regressive token prediction.
“What can | bake
AE.g., large scale transformer models. with this?

K TEXT PROMPT

|

0o

Image Tokenizer

A

4

[Chameleon Team, 2025]
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GENERATING IMAGES

L=

J =)

ASimple idea:

A

A

AUse an imagetokenizerand detokenizer. LMixed-ModaI Auto-Regressive LMJ

AThe right figure shows the setup during S

A

A A

pretraining where the image is tokenized into
2 Image tokens [ }

o |

beginning and end of an image.

A [boi] and [eoi] are analogous to [bos] @

and [eos]. “What can | bake

with this?”

AWe have special tokens denoting the $ T

k TEXT PROMPT

|

4

[Chameleon Team, 2025]
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GENERATING IMAGES

ASimple idea:
AUse an imagetokenizerand detokenizer

ADuring inference, after generating the[eoil,

s

“‘Here is a recipe for

[ banana bread.”

\ TEXT OUTPUT

&
8

\ IMAGE OUTPUT

[Image De-Tokenizer]

we use an imagedetokenizerto convert the [ }[ ][ }[

Image tokens into the output image.

ANote: This approach is distinct from using an
Image encodersuch as CLIP.

Almage encoders havecontinuousoutputs.

{ Mixed Modal Auto-Regressive LM }

A A

[

A

A

A A 4

Almage tokenizers havediscrete outputs.
ALMs produce discrete output tokens. {

=000 =00

[Chameleon Team, 2025]
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TOKENIZING IMAGES WITH AUENCODERS

ATrain a model to convert (encode) an image patch into a discreteoken, and
then convert it back (decode) into the same image patch.

AE.g., VQVAE
Codebook

[Van den Oord et al., 2017] 49



