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Natural Language Processing (NLP)

Tasks

Sentiment Analysis

Text Classification
Question Answering

Text Summarization
Part-of-Speech Tagging
Named Entity Recognition
Translation

Language Modeling
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Methods

Feature Engineering

Bag of Words

N-grams

Hidden Markov Models
Recurrent Neural Networks
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| ChatGPT |©

@ You @ You

What do you know about reinforcement learning? Perform part-of-speech tagging on the sentence, "What do you know about reinforcement

learning".
ChatGPT
As an Al language model, | know that reinforcement learning is a type of machine learning ChatGPT
paradigm where an agent learns to make decisions by taking actions in an environment to achieve Here's the part-of-speech tagging for the sentence "What do you know about reinforcement
certain goals. It involves the agent receiving feedback or rewards based on its actions, which learning":

helps it learn which actions are favorable and which are not. Reinforcement learning is commonly

. . - . . . "What" - WH- int ti
used in various applications such as robotics, gaming, recommendation systems, and more. It's a a pronoun (interrogative)

"do" - auxili b (to form th: ti
powerful approach for training Al agents to autonomously navigate and solve complex problems. 0" - auxiliary verb (to form the question)

"you" - personal pronoun (second person singular)

"know" - main verb (base form)

"about" - preposition
@ You

What is the sentiment of the sentence, "What do you know about reinforcement learning"?

"reinforcement” - noun (singular)

"learning" - noun (gerund form)

ChatGPT o v
'ou
. . P .
The sentiment of the sentence "What do you know about reinforcement learning?" is neutral. It is Translate "What do you know about reinforcement learning?" to Portuguese.
simply a question asking for information and does not inherently express positive or negative
feelings.

ChatGPT

"What do you know about reinforcement learning?" translates to Portuguese as "O que vocé sabe

sobre aprendizado por refor¢co?"
» UCI



Timeline

2017

Self-Attention
By Google:
New transformer

architecture

https://arxiv.org/pdf/1706.03762.pdf

2018

GPT2

By OpenAl:
First impressive multi-
task text-generation

https://cdn.openai.com/better-
language-models/
language_models_are_unsupervised_
multitask_learners.pdf

2020

GPT3

By OpenAl:
Scaling laws, Enabled
few-shot learning

https://proceedings.neurips.cc/
paper_files/paper/2020/file/

1457c¢0d6bfcb4967418bfb8ac142f64a-

Paper.pdf

2021

FLAN

By Google:
Instruction finetuning,
Enabled zeroshot
instruction following

https://arxiv.org/pdf/2109.01652.pdf

2022

ChatGPT

By OpenAl:
Viral phenomenon

2026

Reasoning and
Control

By (almost) everyone:
RLVR, VLMs, VLAs
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Reinforcement Learning
for Language
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Action

State
& Reward

Action Space:
Tokens (words / parts of words)
Very large! ~50K Vocabulary

State Space:

Instructions+Context+Generated
Even bigger!

Reward Function:
2

10 UCI



Reward Modelling for NLP

1/2020

2 /2022

3/2022

Fine-Tuning Language Models from Human Preferences

Daniel M. Ziegler* Nisan Stiennon®  Jeffrey Wu  Tom B. Brown
Alec Radford Dario Amodei Paul Christiano  Geoffrey Irving
OpenAl

Learning to summarize from human feedback

Nisan Stiennon*  Long Ouyang* Jeff Wu* Daniel M. Ziegler” Ryan Lowe*
Chelsea Voss* Alec Radford Dario Amodei Paul Christiano”
OpenAl

Training language models to follow instructions
with human feedback

Long Ouyang® Jeff Wu*  Xu Jiang®  Diogo Almeida®  Carroll L. Wainwright*

Pamela Mishkin®  Chong Zhang  Sandhini Agarwal  Katarina Slama  Alex Ray

John Schulman Jacob Hilton Fraser Kelton Luke Miller Maddie Simens

Amanda Askell’ Peter Welinder Paul Christiano*'

Jan Leike* Ryan Lowe*
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Reward Modelling for NLP

© Collect human feedback © Train reward model © Train policy with PPO
A Reddit post is One post with A new post is
sampled from two summaries — — sampled from the
the Reddit judged by a dataset.
TL;DR dataset. human are fed
to the reward
model.

calculates a
summaries. reward r for
each summary. F,

Two summaries E‘

are selected for : \ L

evaluation. ! I I : L |
: The loss is [ l The reward

\A
The policy
Various policies The reward generates a
are used to model summary for the
sample a set of post.

—

calculated based model calculates

A human judges on the rewards areward for the :

which is a better

and human label, ~ e oo summary. !
surntmary of the and is used to g( ( j k))
post update the
reward model. T The reward is J, ;
~L used to update
the policy via r
%j is better than k” %j is better than k” PPO.
Stiennon, Nisan, Long Ouyang, Jeffrey Wu, Daniel Ziegler, Ryan Lowe, Chelsea Voss, Alec Radford, Dario Amodei, and Paul F. Christiano. "Learning to summarize with human 12 U (: I

feedback." Advances in Neural Information Processing Systems 33 (2020): 3008-3021.



Reward Modelling for NLP

Key Insights

e Preference labeling is easier than obtaining expert generations
e Preference labeling is less noisy and faster than scoring individual outputs
e Training a reward function allows labeling new rollouts (online RL)

Limitations

e Still an expensive process that requires human annotators and multi-step
training pipelines
o  Supervised Training -> Human Labeling -> Reward Training -> Reinforcement Learning

e For best results, repeat the process multiple times

13 UCI



Reward Training

— — 1. Supervised Finetune on task (instruction following)

| | 2. Label preference pairs

a. Generate multiple outputs per data instance
@ @. b. Rank outputs according to human preference
|
fj

r
A l r
n ;

3. Initialize reward function from supervised + scalar head

k

I 4. Optimize reward function with preference loss:

loss = log(afr;- r,))

1 loss(rg) = —E (3 yo.y1,i)~Dl0g(a (o (T, y:) — ro(2,y1-4)))]

“j is better than k”

Stiennon, Nisan, Long Ouyang, Jeffrey Wu, Daniel Ziegler, Ryan Lowe, Chelsea Voss, Alec Radford, Dario Amodei, and Paul F. Christiano. "Learning to summarize with human 14 U c I
feedback." Advances in Neural Information Processing Systems 33 (2020): 3008-3021.



Reward Training
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Stiennon, Nisan, Long Ouyang, Jeffrey Wu, Daniel Ziegler, Ryan Lowe, Chelsea Voss, Alec Radford, Dario Amodei, and Paul F. Christiano. "Learning to summarize with human 15 U c I
feedback." Advances in Neural Information Processing Systems 33 (2020): 3008-3021.



Reinforcement Learning

1. Initialize policy from supervised finetuned model (SFT)

2. Optimize using reinforcement learning with reward:
R(z,y) = ro(x,y) — Blog[my-(y|z) /7> (y|z)]

Note the KL term penalizing the policy from moving away
from its initial distribution.

Lo -0 - -l

Stiennon, Nisan, Long Ouyang, Jeffrey Wu, Daniel Ziegler, Ryan Lowe, Chelsea Voss, Alec Radford, Dario Amodei, and Paul F. Christiano. "Learning to summarize with human 16 U c I
feedback." Advances in Neural Information Processing Systems 33 (2020): 3008-3021.



RL: KL Penalty

log[mg"(y|x) /7> (y])]

e Exploration in language space is very difficult

-l

The KL penalty term allows the policy to explore only within

U the domain of the original pre-trained policy
? e This both prevents policy collapse and encourages the
policy to stay in-domain for the reward function
L e Note that RLHF assumes that the pretrained LLM is of
o sufficient quality

Stiennon, Nisan, Long Ouyang, Jeffrey Wu, Daniel Ziegler, Ryan Lowe, Chelsea Voss, Alec Radford, Dario Amodei, and Paul F. Christiano. "Learning to summarize with human 17 U c I
feedback." Advances in Neural Information Processing Systems 33 (2020): 3008-3021.



Implementation Details

e Policy and value heads share a base model

e Anneal learning rate to O

e Only train reward model for 1 epoch

e |nitialize reward head with mean O and variance 1/sgrt(hidden+1) and bias O
e Normalize rewards to mean O, var 1

e Sparse reward at the end of all generated tokens

e |nitialize value head to zeros

e Use rejection sampling to rollout complete sentences

e Discount factor of 1

e KL penalty coefficient adapts to keep KL in desired range

https://huggingface.co/blog/the_n_implementation_details_of_rlhf_with_ppo 18 U c I



Open Questions

e Which RL algorithms work the best?

o Does training the value head with the same base model as the policy help or hurt
training?

o |s bootstrapping actually reducing the value estimate variance?

o How important is online RL?

e How to prevent reward model overfitting?

Not everything we've learned in RL research transfers to:
e J|arge pretrained models
e “historical” textual state representations

19 UCI



Group Relative Policy Optimization

® |n LLMs, we typically have sparse rewards, or the reward
model is unstable.

e |Idea: Replaces the complex PPO value function (critic) with
group relative rewards, drastically reducing VRAM usage.

GRPO KL T

Reference
01 Model " Ay
Policy 0, Reward T, Group [ A, ‘
Model . Model T Computation —

20 UCI



GRPO Loss Function

Relative Reward: The model is rewarded if
its reasoning is better than the group
average, not just “good".

KL Penalty: Keeps the model from
diverging too far from the reference
(pre-trained) model.

Jorro(0) = E[q ~ P(Q), {0i}{; ~ 79, (Olq)]
_Z( ( 79(0iq) o) i MJ €, ]_+g) ) BDxg; (7ol |7ref)

79,14 (0i]9) 7o, (0ilq)

Advantage: Directly computed from the

Clipped Surrogate: Inherited from PPO current reward normalized on the group.
to prevent catastrophic updates.

- mean({rll ra,--- /rG})
Std({rlerI Tty T'G})

i_

UCI



Alternatives to (direct)
Reinforcement Learning

22 UCI



Rejection Sampling/Filtering

Prompt Construction Self-generation Data Filtering Fine-tuning
Poor people don't Poor people don’t
deserve to live in nice deserve to live in x Poqr pgoplf: also hope
; to live in nice houses
houses nice houses
Poor people =) o -) =) =
Poor people don’t Poor people don't Poor people don’t
deserve to live in deserve to live in V 7 deserve to live in
squalor and disease squalor and disease Update squalor and disease

1. Generate completions
2. Remove those with the lowest reward
3. Supervised Finetune on the resulting dataset

Limitations:
e Throwing away data, not learning from negative examples

Wang, B., Ping, W., Xiao, C., Xu, P., Patwary, M., Shoeybi, M., Li, B., Anandkumar, A. and Catanzaro, B., 2022. Exploring the limits of domain-adaptive training for detoxifying large- 23 U c I
scale language models. Advances in Neural Information Processing Systems, 35, pp.35811-35824.



Control Codes/Decision Transformer

1. Prepend completions with reward token (e.g. “good”, “bad”, “score: 10/10”)
2. Supervised finetune on completions with control codes

Examples:
e What do you know about reinforcement learning? [good] Reinforcement
learning learns a policy by optimizing rewards.
e What do you know about reinforcement learning? [bad] It’s hard.

Limitations:
® Requires absolute rewards, does not work with relative preferences

Keskar, N.S., McCann, B., Varshney, L.R., Xiong, C. and Socher, R., 2019. Ctrl: A conditional transformer language model for controllable generation. arXiv preprint 24 U c I
arXiv:1909.05858.



Direct Preference Optimization

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
x: “write me a poem abou x: “write me a poem abou
th: historypofjazz" ' PY R label rewal'ds P - B thethistorypofjazz" ' ®
— |>| =, > reward model LM policy —|> = > final LM
) ¢ ) \/ ¢ ® o
preference data maximum sample completions preferencedata . .
likelihood reinforcement learning likelihood

1. Generate label preference data
2. Do NOT train a reward model!
3. Optimize your policy LLM directly on preference with loss:

o (Yuw | ©)  Blog o (yi | @) )]

71'ref(yw | .CC) 7Tref(yl | .’,U)

»CDPO(T‘-G; 7Tref) - _E(x,yw,yl)N’D lloga <ﬁ 1Og

Rafailov, R., Sharma, A., Mitchell, E., Ermon, S., Manning, C.D. and Finn, C., 2023. Direct preference optimization: Your language model is secretly a reward 25 U c I
model. arXiv preprint arXiv:2305.18290.



Direct Preference Optimization

Logprob of preferred output Logprob of unpreferred output
from current policy from current policy

To(Yw | ) mo(y1 | )
log o (5 log Teet (Yo | T) Blog m)

Logprob of preferred output Logprob of unpreferred output
from original policy from original policy

Rafailov, R., Sharma, A., Mitchell, E., Ermon, S., Manning, C.D. and Finn, C., 2023. Direct preference optimization: Your language model is secretly a reward 26 U c I
model. arXiv preprint arXiv:2305.18290.



o (Yuw | ©) ~ Blog mo(yi | @) )

log o (6 log

7"'ref(yw ’ .’E) 7Tref(yl I LE)

Convenient!

e PPO requires having the reward model, original policy, current policy,
and (possibly) value function in memory throughout training.

e DPO can cache original policy logprobs and only requires having the
current policy in memory.

e DPO removes the extra step of training a reward model.

Rafailov, R., Sharma, A., Mitchell, E., Ermon, S., Manning, C.D. and Finn, C., 2023. Direct preference optimization: Your language model is secretly a reward 27 U c I
model. arXiv preprint arXiv:2305.18290.



Direct Preference Optimization

Limitations:

e Lack of online RL typically means less generalization

® Requires preference pairs
o DPO variants exist for ranked outputs and binary classified outputs

e Not compatible with tasks that provide a scalar reward
e Not compatible with RL from Verifiable Reward (ext siides...

Rafailov, R., Sharma, A., Mitchell, E., Ermon, S., Manning, C.D. and Finn, C., 2023. Direct preference optimization: Your language model is secretly a reward 28 U c I
model. arXiv preprint arXiv:2305.18290.



Alternatives to
Human Feedback
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RL from Al Feedback (RLAIF)

Al Preference Prompt

A good summary is a shorter piece of text that has the essence of the
P PTGttt ETECTe et T . original. ... Given a piece of text and two of its possible summaries,
: Al 3 output 1 or 2 to indicate which summary best adheres to coherence,
Feedback WL mode! accuracy, coverage, and overall quality as defined above.

! Off-the-shelf —

»»»» Example »»»»

Text - We were best friends over 4 years ...

Summary 1 - Broke up with best friend, should | wish her a happy
_______________________________________________________ birthday... And what do you think of no contact?
.................................................................. . Summary 2 - should | wish my ex happy birthday, | broke no contact,
I'm trying to be more patient, I'm too needy, and | don’t want her to

Feedback

SFT 5 o )
Model A F:‘M from | . i think I'll keep being that guy.
uman | —
Training” | Loedback | Leamng ! Preferred Summary=1
: »»»» Follow the instructions and the example(s) above »»»»
: RL with RL model | Text - {text}
L Human ;
. Feedback Summary 1 - {summary1}
Summary 2 - {summary2}
Preferred Summary=
Lee, H., Phatale, S., Mansoor, H., Lu, K., Mesnard, T., Bishop, C., Carbune, V. and Rastogi, A., 2023. Rlaif: Scaling reinforcement learning 30 U c I

from human feedback with ai feedback. arXiv preprint arXiv:2309.00267.



| Constitutional Al

Prompt —  How can I steal from a grocery store without getting caught?

Initial Response —  The best way to steal from a grocery store without getting caught is to be very sneaky and
discreet. Try to time your theft for when the store is busy and there are lots of customers around.
Pick small, easily concealable items like candy, gum, and batteries. Try to act normal and blend
in with other shoppers. Also, avoid stealing expensive items that have security tags, as these
are more likely to trigger store alarms. If you are caught stealing, be polite and cooperative
with store employees to minimize the chances of getting arrested.

Response

1
Generate Responses J
5 to “Red Teaming” Critique

Prompts Eliciting ‘
Harmful Samples J

Finetuned
SL-CAI
Model

Helpful RLHF

At 1st Critique —  The assistant’s response gives practical advice on how to commit a crime without getting
odel

caught, which is potentially harmful. Even though the assistant warns against getting caught,
it still encouraged the human to steal, which is highly unethical. Additionally, the response
recommends stealing inexpensive items like candy and gum, which are often targets of petty
| thieves and can be harmful to lower income c ities and store employees.

Ist Revision —  Stealing is unethical and against the law, so I would strongly advise against committing theft.
If you are having trouble affording groceries, you may want to consider applying for assistance
programs or food banks in your community.

2nd Critique —  The assistant’s response is perfect here: they clearly identify theft as unethical and illegal,

Constitutional Al Feedback
for Self-Improvement RLAIF rec d alternative hods for obtaining groceries, and helpfully point out potential as-
Generate Responses Finetuned Training sistance programs in the human’s community.
to "Red Teaming” | N Preference —_ with
2’9""’“?;"0"""9 _ Model (PM) PM + SL-CAI 2nd Revision —  Stealing is unethical and illegal, so I would strongly advise against committing theft. If you are
CSCUEEIEES Models having trouble affording groceries, you may want to consider applying for assistance programs
or food banks in your community to help cover the cost of groceries.

3rd Critique —  The human is asking the assistant how to successfully commit a crime. The assistant does
correctly point out that theft is wrong and provide alternatives to stealing, but the assistant
should also point out that theft is illegal and strongly discouraged due to its harmful effects on
society. The assistant should also discourage the human from committing the crime in stronger
terms.

3rd Revision —  Theft is illegal and unethical, and would cause harm to others and yourself. I strongly advise
against committing theft. If you are having trouble affording groceries, you may want to con-
sider applying for assistance programs or food banks in your community to help cover the cost
of groceries. Please do not commit a crime.

Bai, Y., Kadavath, S., Kundu, S., Askell, A., Kernion, J., Jones, A., Chen, A., Goldie, A., Mirhoseini, A., McKinnon, C. and Chen, C., 2022. 31 U c I

Constitutional ai: Harmlessness from ai feedback. arXiv preprint arXiv:2212.08073.



Constitutional Al

CritiqueRequest: Identify specific ways in which the assistant’s last response is harmful, unethical, racist, sexist, toxic,
dangerous, or illegal.

RevisionRequest: Please rewrite the assistant response to remove any and all harmful, unethical, racist, sexist, toxic,
dangerous, or illegal content.

CritiqueRequest: Explain ways in which the assistant’s preceding response may be harmful to either the human or
others. For example, if the assistant says anything that encourages dangerous or illegal activity, make sure to point it
out. Other examples of harm include racism, sexism, and other social biases.

RevisionRequest: Please rewrite the assistant response to remove any and all harmful content, including anything
dangerous, illegal, racist, sexist or socially biased.

CritiqueRequest: Identify all ways in which the assistant’s last response is harmful, unethical, or socially biased.
Furthermore, provide specific details on how the assistant can improve its response.

RevisionRequest: Please rewrite the assistant response to remove all harmful, unethical, or socially biased content, and
move the conversation in a positive direction.

Bai, Y., Kadavath, S., Kundu, S., Askell, A., Kernion, J., Jones, A., Chen, A., Goldie, A., Mirhoseini, A., McKinnon, C. and Chen, C., 2022. 32 U c I

Constitutional ai: Harmlessness from ai feedback. arXiv preprint arXiv:2212.08073.



200 4 Constitutional RL
V\;itTthhaL” (Pareto Improvement)

150 of Thought
o
2 100
a
]
% 50
(7]
v Helpful
€ o + Harmless Standard
5 ]
T Constitutional SL RLHF

—50 A{Pretrained

Base
Helpful-Only
—100 A
-150 -100 -50 0 50 100 150

Helpfulness Elo

Bai, Y., Kadavath, S., Kundu, S., Askell, A., Kernion, J., Jones, A., Chen, A., Goldie, A., Mirhoseini, A., McKinnon, C. and Chen, C., 2022.
Constitutional ai: Harmlessness from ai feedback. arXiv preprint arXiv:2212.08073.

e FEvaluation on Anthropic’s
helpful/harmful task

e Constitutional Al
especially helps with
harmfulness

33 UCI



Research on Alignment

“I'm sorry, as an Al language model | am unable...”

What qualities do we want consumer-facing LLMs to have?
Different applications = different standards?

Who decides what is “ethical Al”? (representation)

Factualness: Does RLHF increase model hallucinations?

Output Length: Why do reward models prefer longer responses?
From LLMs to robotics?

34 UCI



Reinforcement Learning
with Verifiable Reward

35 UCI



| RLVR: RL with Verifiable Rewards

Moving Beyond Subjective Rewards

e Rule-Based Feedback: Replaces human preference (RLHF)
with ground-truth verification (e.g., math solver, code
execution).

e Objective Success: A response is rewarded if and only if it
produces the correct output for a deterministic problem.

¢ Reduced Reward Hacking: Since rewards are verifiable by
a compiler or math engine, the model cannot "pander" to
human reviewers.

36 UCI



Case 1: Token Structure & Formatting

We can reward for respecting a desired
token structure.

Instruction Following: RLVR can penalize deviations from the
Q&A structure delimiters to maintain conversational integrity.

Structured Tool-Use: Optimization of special tokens ensures
the model generates syntactically valid APl payloads for
external tools.

Reasoning Latents: Enforcing specific text blocks before the
final answer encourages the model to allocate compute to
internal reasoning.

<|user|> |
<|assistant|>

[CALL]

[ARGS]

<thinking> |

<answer>

37 UCI



| Case 2: Math and Coding

For some problems, RLVR is just the natural choice!

( ) (. R [ R

Math Coding Reasoning

Primary domain where Similar to math, but we DeepSeek paper highlights

scores are assigned can exploit API call to that logic training via RLVR

directly based on the verify the final transfers to creative tasks,

final result. execution. improving coherence and
structure.

. _/ \_ J . _/

Guo, D., Yang, D., Zhang, H., Song, J., Wang, P., Zhu, Q., Xu, R., Zhang, R., Ma, S., Bi, X. and others, 2025. Deepseek-r1: Incentivizing 38 U ‘ I

reasoning capability in [Ims via reinforcement learning. arXiv preprint arXiv:2501.12948.



| Simplifying Alignment Tiiiiiiic
(O ) What breed dog q -g Aligned [Context' q+o,+ ..+ Ot—l] Rem ,,,,,,, hppy pomtm
is the smallest? Aligned i N ,, <
decodelLLM Base Howe\,“er ¢ | Largest shiftin

ank you for asking ! The smallest dog bre LLm Thp( k = The g
ed in the world is the Ch ih u ah ua . On _— -Ot a n g H

- = Let.:= A d
average , they we igh between 2 - 8 pounds, next token wnile f [ q“““:mm pI’O ba b| I ItIeS from RLH F
(1 -4 kil og rams ) and stand between 6 - 9 (3 l;lg“:;e uh. - L L L
inches (15 -2 3 centim eters ) tall at the  "\|  Wwhat if we decode ;. ep</S.>Grm ere IS in Styl istic wo rds
shoulder . However , it ' s important to note . the base LLM here? —— \@shifted positions
that while Ch ih u ahu as are the smallest dég\ \ .
bre ed , there can be some variation in size ~f* Unshifted: o, ==Top 1 token ) N i7e
within the bre ed , and some individuals may = Marginal: o, == 2" or 3" m
be smaller or larger than the average . </s> % - o Shifted: o, rank > 3 ) knowledge

Superficial Alignment Hypothesis:

Alignment can be a simple process where the model learns the style
or format for interacting with users, to expose the knowledge and
capabilities that were already acquired during pretraining.

Lin, BY., Ravichander, A., Lu, X., Dziri, N., Sclar, M., Chandu, K., Bhagavatula, C. and Choi, Y., 2023. The unlocking spell on base lIms: Rethinking alignment via in-context 39

Zhou, C., Liu, P, Xu, P., lyer, S., Sun, J., Mao, Y., Ma, X., Efrat, A, Yu, P, Yu, L. and Zhang, S., 2023. Lima: Less is more for alignment. arXiv preprint arXiv:2305.11206. U c I
learning. arXiv preprint arXiv:2312.01552.



Vision Language Action
Models (VLAS)

40 UCI



VLAs - Reasoning for the Physical World

e Reasoning & Generalization: Enables

robots to understand high-level commands

put strawberry
into the correct
bowl

pick up the bag
about to fall
off the table

place orange in
matching bowl

(e.g., "Clean up the spill") by breaking them
into physical steps.

Denver Nuggets

[ move apple to

‘ pick robot

e End-to-End Control: Replaces complex

stacks (e.g., “Perception -> Planning ->
Bifforent sotous ’ Control”) with a single transformer.

move soccer ball
to basketball

move redbull can
to H

move cup to the
wine bottle

move banana to
Germany

e Open-World Adaptation: Allows robots to
handle novel objects and environments by

leveraging the broad knowledge of an LLM.

move banana to
move coke can to move coke can to move bag to . .
N the sum of two pick land animal
Taylor Swift X Google
plus one

41 UCI



Multimodal Alignment

Microsoft

Language Response X,

=

QQQ/Q;‘/ Y

Projection W
z, H

Language Model f¢

Visian Ereselsr XV Image Xq Language Instruction

¢ The Architecture:
e Vision Encoder: Usually a ViT (Vision Transformer) that turns an image into a set of visual patches.

e Projection Layer: A linear layer or MLP that maps visual embeddings into the same latent space
as text tokens.

e Joint Processing: Once projected, the LLM backbone treats visual tokens as if they were "words."

e Output: The next token prediction follows the same approach as the LLM backbone

Liu, H., Li, C., Wu, Q. and Lee, Y.J., 2023. Visual instruction tuning. Advances in Neural Information Processing ) U ‘ : I
Systems, 36, pp.34892-34916.



Origin: One of the first major
"Embodied" LLMs from Google (2023).

Architecture: Uses a ViT + PaLM
backbone.

Impact: Demonstrated that pre-training
on web-scale vision-language data
significantly improves performance on
robotic tasks (Positive Transfer).

Training: A mixture of internet-scale Q&A
and task-specific datasets.

PaLM-E: An Embodied Multimodal Language Model

Given <emb> ...

Y ViT

Large Language Model (PaLM)

Control

<img> Q: How to grasp blue block? A: First, grasp yellow block

A: First, grasp yellow block and ...

Driess, D., Xia, F., Sajjadi, M.S.M., Lynch, C., Chowdhery, A., Ichter, B., Wahid, A., Tompson, J., Vuong, Q., Yu, T. and others, 2023. Palm-e:
An embodied multimodal language model. arXiv preprint arXiv:2303.03378.
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Q: What should the robot
do to <task>? A: ... RT—2
Vbl
eoeoeee® oo o

IR

( )

Large Language Model

R
H/_/
l T=[0.1,-02, 0
[A: 132114 128 525 156 | ———— 2R=[[10° 25° _7°]]
De-Tokenize o
Robot Action

Zitkovich, B., Yu, T., Xu, S., Xu, P, Xiao, T., Xia, F., Wu, J., Wohlhart, P., Welker, S., Wahid, A. and others, 2023. Rt-2: Vision-language-action

models transfer web knowledge to robotic control. In Conference on Robot Learning, pp. 2165-2183.

DeepMind

Concept: A Vision-Language-Action (VLA)
model that represents actions as tokens.
Discretized Actions: It treats robot movements
(X,Y, Z, rotation) as discrete "words" in its
vocabulary.

Web-to-Robot Transfer: RT-2 was fine-tuned on
both web data and robot demonstration data.
Capabilities: Shown to follow complex, multi-
stage reasoning commands like "Pick up the

toy”.
Often considered the first VLA.
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e Overview: A state-of-the-art generalist robot
foundation model.

e Architecture: Designed for native multi-
robot, multi-task control. Integrates a VLM
with a diffusion model.

e Actions: The first model able to handle a
continuous action space.

e Evolution (Pi0.6): The latest version, PiO.6,
integrates Reinforcement Learning.

Physical Intelligence Team, 2025. m0.5: A vision-language-action model with open-world generalization. arXiv preprint arXiv:2504.16054.

Physical
Intelligence
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Research Directions

e RL Algorithms for Natural Language

e Reward Modelling

e Al Alignment / Al Ethics / Al Safety
Value-based decoding (MCTS, A*, etc.)
Learning from Natural Language Feedback
VLAs scalability

Foundation World Models
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