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Today

 Problems with CLIP
* What are VLMs?
* VLM history

* Unifying Vision-and-Language Tasks via Text Generation
* Flamingo

 BLIP and the Q-former

* Llava

* VLMs now, VLM applications
* VLAs

* Problem framing
* EarlyVLAs

* Diffusion policies
* VLAs now



Recap

* Grounding: tie words to perception and action
* CLIP: contrastive pretraining on 400M image—-text pairs

» Zero-shot: ¢ = arg maxcos(g(I), f(t.)), t.=“aphoto of a{c}”
c
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Radford et al. (2021), Learning Transferable Visual Models From Natural Language Supervision




Problems with CLIP

* Can’t generate text
* Only scores (image, text) pairs

* Limited in how it can be used
* Needs a candidate set: classification, retrieval
* No VQA, captioning, or dialogue {8 some/prars

surrounding a
lightbulb

(b) a lightbulb surrounding some plants

* Weak compositionality

* Behaves like a bag of words: word order,
relations, counting

Thrush et al. (2022), Winoground: Probing Vision and Language Models for Visio-Linguistic Compositionality
Yuksekgonul et al. (2023), When and Why Vision-Language Models Behave like Bags-of-Words, and What to Do About It?



Recall dual-stream architectures

 LXMERT, VILBERT
* Pretraining+finetuning paradigm

Object detector

(Faster R-CNN) —| Visualencoder |[—

Image —

Cross-modal

. —| Task head
fusion

Text —| Word embeddings |[—| Language encoder (—

Tan & Bansal (2019), LXMERT: Learning Cross-Modality Encoder Representations from Transformers
Lu etal. (2019), VILBERT: Pretraining Task-Agnostic Visiolinguistic Representations for Vision-and-Language Tasks



VLMs

* Vision + language followed ~the same path as text-only NLP

Pretrain + finetune Zero-shot Few-shot prompting
BERT GPT-2 GPT-3
Text only — _ —
masked LM autoregressive LM autoregressive LM
.. LXMERT, ViLBERT CLIP VLMs
Vision + text — —

masked LM + matching contrastive autoregressive LM




VLM typical architecture

Image [

Vision encoder g

——

Connector W

Text xq.7

—>

Word embeddings

v

CLIP ViT, SigLIP, EVA-CLIP

Often frozen

Visual tokens: H, = W g(I)
Train with the usual LM loss: £ = — Y.1_, log pg (x; | Hy, X<t)

Linear/ MLP (LLaVA)
Q-Former (BLIP-2)
Cross-attn (Flamingo)

v

LLM p,

Text

Vicuna, Llama, Qwen
Pretrained on text only




VLMs vs LXMERT-style

LXMERT-style

Object detector

Image (Faster R-CNN)
Text Word embeddings
VLM
Image Vision encoder g
Text Word embeddings

—

Visual encoder

Language encoder

Connector W

v

Cross-modal
fusion

Task head

LLM p,

Text




Unifying Vision-and-Language Tasks via Text
Generation

One T5/BART model for all tasks

* Input: region features + task prefix
e “vga: whatis the man jumping over?”
* Outputis always text
* Even grounding: “<vis_3>" o - @) Tor o
« Same LM loss, no task-specific heads wtimaga [ CspnpeedcionAast bl L[ Cemttmn |
Visual QA [ “vga: what is the man jumping over?” ]-}[ “fire hydrant” ]
Gr‘::f::ilng “visual grounding: yellow fire hydrant” ]-}[ “<vis_3>" ]
lrh:aaish':':)g(t[ “image text mat;r;:dﬁ catis lyingon a ]_'[ “false” ]

Figure 1. Our unified framework for learning vision-and-language
tasks. While existing methods require designing task-specific ar-
chitectures for different tasks, our framework unifies them together
as generating text labels conditioned on multimodal inputs.

Cho etal. (2021), Unifying Vision-and-Language Tasks via Text Generation



Flamingo

* Few-shot learning: image—text examples in the prompt, like GPT-3
* No finetuning: with 32 shots, beats finetuned SOTA on 6 of 16 tasks

Input Prompt

Thisis a
chinchilla. They
are mainly found

¥

This is a shiba.
They are very
popular in Japan.

This is

.

in Chile.
Wha't - t}'le _tltle When:e - - What is the name
of this painting? painting il Gl ok
Answer: The displayed? of the city w erc?7
Hallucinogenic Answer: Louvres this was pau.lted.
Toreador. Museum, Paris. Answer:

s

7~

” Completion

a flamingo.
They are found
in the
Caribbean and
South America.

Alayrac et al. (2022), Flamingo: a Visual Language Model for Few-Shot Learning

Arles.




Flamingo

Output: text
. Pretrained and frozen 'Y ;
‘\\Pj a very serious cat.
Trained from scratch —
* Frozen: vision encoder and LLM l . P n-th GATED XATTN-DENSE

(Chinchilla 70B) resemler resamlr —
* Perceiver Resampler: image features B 1st GATED XATTN-DENSE
> 64 visual tokens

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

Interleaved visual/text data

This is a very cute dog. .+

* Gated cross-attention layers inserted
between LM blocks

This is

* Data: 43Minterleaved webpages + , . . , T .
. Nid . Figure 3: Flamingo architecture overview. Flamingo is a family of visual language models (VLMs)
Ima ge viaeo-text pairs that take as input visual data interleaved with text and produce free-form text as output.

Alayrac et al. (2022), Flamingo: a Visual Language Model for Few-Shot Learning



BLIP-2 and Q-former

* Freeze both big models

* Image encoder (ViT-g) and LLM (OPT,
FlanT5)

* Train only the Q-Former (188M)

* 32 learned queries > 32 visual tokens

* Two training stages
* 1:learn visual features that match text

Vision-and-Language Vision-to-Language
Representation Learning Generative Learning

-

Image Q-Former
Encoder Write a romantic message
¥ ¥ that goes along this photo.
Love is like a sunset, it’'s
BE-88] Text hard to see it coming but
Queries when it does it’s so beautiful.

Bootstrapping Pre-trained
Image Models

Bootstrapping Pre-trained

Querying Transformer | |
f Large Language Models (LLMs)

» 2:feed queries to the LLM as a soft prompt

Li et al. (2023), BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models



BLIP-2 and Q-former

Learned queries self-attend, then cross-attend to

Fixed 32 tokens, regardless of image resolution

frozen image features

Shares self-attention layers with a text transformer (init. from BERT-base)

Output: 32 x 768 query embeddings, projected into H,, for the LLM

Image-Grounded
Text Generation
[}

Image-Text [
Contrastive |« .

Q-Former
Image-Text
Matching
Input Image 4 -
4 N\
Feed Forward
N for every
D other block
i ; Cross Attention
g = -
) il Self Attention
A D,

Learned
Queries [D 0-8 D]

Li et al. (2023), BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Enco

] =%~ uni-modal

Learning

Attention Masking

«— Dbidirectional —

— mutlimodal causal —
- _x_ —

Feed Forward

A

[

x N

d J

vy

Input Text [a cat wearing sunglasses ]

ders and Large Language Models



BLIP-2 objectives

Q: query token positions; T: text token positions.

* Stage 1: three losses, same model, @ masked [] unmasked

different attention masks Q T Q - Q T
* ITM: bidirectional; classify match vs. no Q Q Q

match
* ITG: causal; generate the caption fromthe ¢ . .

queries

e ITC: unimodal: contrastive. like CLIP Bi-directional Multi-modal Causal Uni-modal

Self-Attention Mask Self-Attention Mask Self-Attention Mask

* Stage 2: queries > frozen LLM, standard Image-Text Image-Grounded Image-Text
LM loss Matching Text Generation

Contrastive Learning

Li et al. (2023), BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models



BLIP-2 results

Free-form text output, zero-shot
Zero-shot VQAvV2: 65.0 vs. 56.3 for Flamingo-80B

54x fewer trainable parameters

Follows image + instruction prompts

3

this product.

Explain the advantages of 8

The audi e-tron quattro concept is a
plug-in hybrid electric sports car
that has a range of 310 miles and
can accelerate from 0 to 60 mph in
just 4 seconds.

. i Visual Question Answering Image Captioning Image-Text Retrieval

Models #}:’;‘rr:;::ble g)r::;e 47 VQAV2 (test-dev) NoCaps (val) Flickr (test)

’ VQA acc. CIDEr SPICE TR@1 IR@1
BLIP (Li et al., 2022) 583M v - 113.2 14.8 96.7 86.7
SimVLM (Wang et al., 2021b) 1.4B X - 112.2 - - -
BEIT-3 (Wang et al., 2022b) 1.9B X - - - 94.9 81.5
Flamingo (Alayrac et al., 2022) 10.2B X 56.3 - - - -
BLIP-2 188M v | 65.0 121.6 15.8 97.6 89.7

Table 1. Overview of BLIP-2 results on various zero-shot vision-language tasks. Compared with previous state-of-the-art models. BLIP-2
achieves the highest zero-shot performance while requiring the least number of trainable parameters during vision-language pre-training.

Li et al. (2023), BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models



LLaVA

« Connector: a single linear layer Language Response X, () (0 ()
Hv = W Zv’ Zv = 'g(l) Language Model f¢

* Vision encoder: CLIP ViT-L/14, frozen NN A

* LLM: Vicuna (Llama tuned on chats) ErcledionMWE o7~ HL, 4H,

Vision Encoder X, Image Xq Language Instruction

Visual tokens + instruction > response
Figure 1: LLaVA network architecture.

Liu et al. (2023), Visual Instruction Tuning



LLaVA: visual instruction data

* Few image—-instruction datasets existed

* Synthesized data via GPT-4
* Done without the image
* Gets COCO captions + bounding boxes as
text

Generates 158K examples

* 58K conversations
» 23K detailed descriptions
77K complex reasoning

e What are some issues with this?

Liu et al. (2023), Visual Instruction Tuning

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.

The sport utility vehicle is parked in the public garage, being packed for a trip
Some people with luggage near a van that is transporting it.

Context type 2: Boxes e il
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>




LLaVA training

Stage Data Trained
1. Feature alighment 595K image—caption pairs (CC3M) W only
2. Instruction tuning 158K instruction data W+ LLM

LLaVA-1.5: MLP connector, 336px images, academic VQA data

* Simple recipe became the default open VLM design

Liu et al. (2023), Visual Instruction Tuning
Liu et al. (2024), Improved Baselines with Visual Instruction Tuning



VLMs now

Higher resolution: image tiles or native dynamic resolution

Video and long multimodal context

Pointing and GUI control: output coordinates, not just text

Reasoning: RL-trained “thinking” VLMs

Native multimodal pretraining instead of a bolted-on encoder

Open weights Qweng3-VL, InternVL3.5, GLM-4.6V, Gemma, Molmo (open data)

Proprietary GPT-5, Gemini 3, Claude

Wang et al. (2024), Qwen2-VL: Enhancing Vision-Language Model’s Perception of the World at Any Resolution
Deitke et al. (2025), Molmo and PixMo: Open Weights and Open Data for State-of-the-Art Vision-Language Models



VLM applications

Application

Input

Output

Document and chart QA
GUI agents
Accessibility

Medical imaging

Video understanding

Robotics

Scans, PDFs, plots
Screenshots

Phone camera

X-rays, pathology slides
Long videos

Robot cameras

Answers, extracted fields

Clicks, typing

Scene descriptions

Draft reports

Summaries, timestamps

Plans, actions (VLAS)



VLAS

* Goal: one model that sees, reads an instruction, and acts
« AVLM whose outputs are robot actions: mg(a; | o¢, )

* Reuse web-scale knowledge for robot control

https://www.pi.website/blog/pi0 https://robotics-transformer2.github.io



Robotics overview

* Goal: map observations + instruction to actions, in a closed loop (recall RL)

Camera images (1-3 views)
Joint angles, gripper state

Observation o,

Instruction £

\4

A

v

Policy 4 (a; | o, %)

“put the cup in the sink”

v

Action a;

End-effector Apose + gripper
or joint targets, 3-50 Hz

v

Robot + world




Robotics: constraints

* Perception: partial views, occlusion, clutter

Physical feasibility: reach, collisions, stable grasps

Real time: the loop runs at 3-50 Hz

Errors compound and happen in the physical world

Data: no internet-scale corpus of robot actions



SHRDLU

Long-standing goal: talk to a robot in
natural language

Simulated arm in a blocks world

Parsed commands, answered
questions, planned moves

* “Find a block which is taller than the one
you are holding and put it into the box.”

Hand-written grammar and world
model; didn’t scale

Winograd (1972), Understanding Natural Language

B eed
M s

Green

Person: Pick up a big red block.

Computer: OK.

Person: Grasp the pyramid.

Computer: | don’t understand which pyramid you mean.



Early VLAS

ProgPrompt
2022

LLM as SayCan
planner 2022
Learned

policy

RT-1
2022

VIMA
2022

RT-2
2023

v




SayCan

* LLM proposes a skill; value function checks
feasibility
k* = argmaxpyim(k | £) - V(og, k)
k

e Say = useful for the task; Can = feasible now
* 551 pretrained skills, 101 kitchen tasks

* Affordances nearly double success

Ahn et al. (2022), Do As | Can, Not As | Say: Grounding Language in Robotic Affordances

Instruction Relevance with LLMs

Prompt Examples .ﬁ -6
; [ -30
e, IR v roheslctndlelandredecloninc i | -30
How would you put |l
an apple on the 1 4
table? l‘ -30
| would: 1
‘,.’ ‘\
® / -30
LLM

Combined

Find an apple
Find a coke
Find a sponge
Pick up the apple

Pick up the coke

Place the apple
Place the coks«

Go 1o the table

Go to the counter

Skill Affordances with Value Functions

Value
Functions




ProgPrompt

* Promptthe LLM with code
* Available actions as imports, objects as a list
* Afew example programs

* LLM writes a Python plan for the new task
* Assertions check state and trigger recovery

* Plans use only real actions and objects

G

fron actions import walk <obj>,
grab <obj>, switchon <obj>,

\ (2

ef microwave salmon():

k _to kitchen

chen™)

® @: find lime
find('line')

¢ close garbagecar
ssert(‘close’ to 'g
else: find('garba
ssert(‘garbagecan’
else: open(‘garbagecan’)
closel 'garbagecan')

\_* 6: Done

(e microwave salmon():

\

L/

Singh et al. (2022), ProgPrompt: Generating Situated Robot Task Plans using Large Language Models

open <obj>, standup, find » LALrowaye )¢
(<obj>, putin <obj> <obj>, ... N find('microwave')

# 2: open microwave - -
(""1(., able objects list ) 4 assert{'close’ to 'microwave' Qi
objects=[clothesshirt’ sink, else: () rowave') pping
pie, apple, fridge, garbagecan, assert({'microwave' is 'closed')
tv, ﬁ"v“;ﬂ'»*"“]'-'-ﬂ.“‘1, bed, else: close{ microwave')
tuf:.;!‘-:l , salmon, stove, plate, | open ("microwave') Foodbach
coffeepot, kitchentable,
Winegiass,; paper, : RECTOMMNA, # 5: put salmon in microwave
toothbrush, teothpaste, ert('salmon' in ‘hands')
bathroomcabinet, kitchen, lime, ASSerllsa. man.10.nangs. ) -
\painkillers, barsoap, ...) ) else: find('salmon’)

\___else: grab('salmon®) X

ple task(s) assert('close’ to 'microwave')

def throw _away lime(): B glse: find( microwave')

assert({'microwave’' 1s 'opened’))ed
else: open('microwave’)

putin('salmon’, ‘microwave')

Close( ' nicrowave

switchon! ‘picrowsve' )
¢ 8: woit for salmo

0 off eicrowave

switchoff (' wicrowave

open! ‘microwave' )

grab

iz on plate

as in 'hands

as tl'close” to “plate
¢ find(“plate

patin('salron’, ‘plate

close( ' sicrowsve

£ _14; Dons )

Gesert( microwave’ is opencd 1)
>

PROMPT for State Feedback

is CLOSED,

, cereal,

ox INSIDE baokshelf,
Llshelf, paper
helf..."

You see:
lightswitch
bookshalf,

You hay book™
assert('close’ to "mug' )
False

assert('book’ in 'hands')

True
assert(‘cereal’ on 'bookshelf’)
False
e
rren man :
(You see: "microwave is OPEN and
OFF, mic N
kitchenc

Jou have: “sal




RT-1

* End-to-end: images + instruction > actions

* EfficientNet with FiLM > TokenLearner >
Transformer

e 130K demos, 700+ tasks, 97% success

* 35M params; no web pretraining

Instruction .
Pick spple from top drawer and place on counter // AN
- /RT-1 )
Images \ 3k /""'
FiLM =
. EfficientNet TokenlLearner Transformer

Brohan et al. (2022), RT-1: Robotics Transformer for Real-World Control at Scale

Base




VIMA

Tasks given as multimodal prompts
* “Rearrange objects to match this scene: [image]”

Object tokens + T5 prompt encoder
Decoder outputs pick-and-place poses
600K+ simulated demos

Up to 2.9% better in zero-shot generalization
* Language unlocks zero-shot abilities

Jiang et al. (2022), VIMA: General Robot Manipulation with Multimodal Prompts

Visual Goal: Rearrangement

Rearrange objects to match this scene:

One-shot Demonstration

Follow this motion for & : s ‘l‘

Novel Concept Grounding

Thisis ablicket @)— Thisisawug #fs Putawugintoa

Visual Constraint

Sweep all = into | | without exceedi

blicl

ing =

ket

VIMA

eeeeeeeee
Object token



RT-2: the first “VLA”

e Start from a VLM (PaLI-X 55B, PaLM-E 12B) * Emergent skills from web data

* “Pick up the extinct animal”

e Write actions as text tokens
e “1128912415101127217”

 Co-finetune on web VQA + robot demos

Internet-Scale VQA + Robot Action Data Vision-Language-Action Models for Robot Control
Q: What is happening Q: What should the robot
in the image? wtotmiorn .. | [RI=2 et L anaki R

A grey donkey walks
down the street.

Q: Que puis-je faire avec
ces objets?
[Faire cuire un géteau.] )

AT=10.1,-02,0
AR=[10’, 25’ -7

(A:132 114 128 5 25 156 |

 Slow: 1-3 Hz for the 55B model

Closed-Loop
Robot Control

Put the strawberry
into the comrect bowd

-~ g Q: What should the robot De-Tokenize
t o~ do to <task>? Robot Action
o™ :
' [ ATranslation = [0.1, -0.2, 0] T >
ARotation = [10°, 25° -7°] Co-Fine-Tune Deploy

Brohan et al. (2023), RT-2: Vision-Language-Action Models Transfer Web Knowledge to Robotic Control

Pick object that is different




VLAS now

Model VLM backbone Action output Weights
RT-2 (2023) PaLl-X, PaLM-E Discrete tokens Closed
Octo (2024) None (small transformer) Diffusion head Open
OpenVLA (2024) Llama 2 7B Discrete tokens Open
0 (2024) PaliGemma 3B Flow matching Open
0.5 (2025) PaliGemma Tokens + flow Open
GROOT N1 (2025) Eagle-2 Flow-matching DiT Open
Gemini Robotics 1.5 (2025) Gemini Not disclosed Closed

* Shared data: Open X-Embodiment, 1M+ trajectories from 22 robots

Open X-Embodiment Collaboration (2023), Open X-Embodiment: Robotic Learning Datasets and RT-X Models



Takeaways

* VLM =vision encoder + connector + pretrained LLM
* Trained with the same LM loss as text-only models
* Instruction data turns a VLM into an assistant

* VLA =VLM whose outputs are robot actions

* Actions as tokens (RT-2, OpenVLA) or flows (1t0)

* Open problems: robot data, speed, safety



