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| Announcements

e HW1 due Friday

o See Syeda’s note in announcements / read the new instructions
o Can extend deadline if people are still having issues

e Projects
o Fill in form in Piazza with ideas/area of interest
o In-class activity with people in your interest area
o CHPC/Useful resources doc on Canvas




| Recommended Readings

e Agent Courses/Tutorials
o https://lwww.shuyanzhou.com/teaching/25fall-590/25fall-590.html
o https://rdi.berkeley.edu/adv-lim-agents/sp25
o https://agenticai-learning.org/sp25

e This week’s papers

Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks
REALM: Retrieval-Augmented Language Model Pre-Training

Dense Passage Retrieval for Open-Domain Question Answering

GNN-RAG: Graph Neural Retrieval for Large Language Model
Reasoning

o MemGPT: Towards LLMs as Operating Systems

O O O O



https://www.shuyanzhou.com/teaching/25fall-590/25fall-590.html
https://rdi.berkeley.edu/adv-llm-agents/sp25
https://agenticai-learning.org/sp25
https://arxiv.org/abs/2005.11401
https://arxiv.org/abs/2002.08909
https://arxiv.org/pdf/2004.04906
https://arxiv.org/abs/2405.20139
https://arxiv.org/abs/2405.20139
https://arxiv.org/abs/2310.08560

| Lectures Going Forward

e Meant to be fairly short / high-level
o More an introduction/framing of the topic than a deep dive

o Maybe 20-40 mins depending on how much | have to say about the
topic

e Imperative that you read papers and participate in class
discussions to get full breadth of topic




| Any Questions
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| Other “stuff”
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| Other “stuff”
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| Other “stuff”
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I Recall: Markov Assumption

e Markov Assumption

o For environment - only your current state matters, not how you got
there

o For policy - you only need to look at your current state

e Fully Observable

o Everything about the environment is full observed and captured in
your state s




I Example: Computer Use
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https://docs.google.com/file/d/1E8M9VA1cp4-yZ9i0vNEK0_TZbgvMM5QS/preview

I Example: Computer Use
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https://docs.google.com/file/d/1E8M9VA1cp4-yZ9i0vNEK0_TZbgvMM5QS/preview

| LLM Policies In Practice

* (0, hlsto.ry(oOZt_V 85..4) 1) | |
* VLM policy takes the current observation o, (which
doesn’t necessarily contain all relevant state info)

« Some (usually condensed) history of past
observations and actions the agent took

* Possibly other information (may depend on your
problem)

* Fortunately

» VLMs are transformer based and quite good at
handling sequential information

Optimal policy when R(s, a, s’) =-0.03
for all non-terminals s




| LLM Policies In Practice
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| RAG can also be an essential tool

patients from Jan-May 2018 as listed on the NIH website?

Question: What was the actual enrollment count of the clinical trial on H. pylori in acne vulgaris ?
Ground truth: 90

Level 2

Question: If this whole pint is made up of ice cream, how many percent above
or below the US federal standards for butterfat content is it when using the
standards as reported by Wikipedia in 20207 Answer as + or - a number rounded
to one decimal place.
Ground truth: +4.6

Level 3

Question: In NASA’s Astronomy Picture of the Day on 2006 January 21, two astronauts are visible,
with one appearing much smaller than the other. As of August 2023, out of the astronauts in the
NASA Astronaut Group that the smaller astronaut was a member of, which one spent the least time
in space, and how many minutes did he spend in space, rounded to the nearest minute? Exclude any -
astronauts who did not spend any time in space. Give the last name of the astronaut, separated from
the number of minutes by a semicolon. Use commas as thousands separators in the number of minutes.
Ground truth: White; 5876




| First, let’s go before agents




| Question Answering

e We fill our information needs by talking to a virtual assistant or a
chatbot, interacting with a search engine, or querying a database
e No wonder that question answering has been a major task in NLP

Q: What is the capital of France
A: Paris

Slides from Ana Marasovic¢



I D RO P [Dua et al.. 2019]

Passage: To start the season, the Lions traveled south to Tampa, Florida to take on the Tampa Bay
Buccaneers. The Lions scored first in the first quarter with a 23-yard field goal by Jason Hanson. The
Buccaneers tied it up with a 38-yard field goal by Connor Barth, then took the lead when Aqib Talib
intercepted a pass from Matthew Stafford and ran it in 28 yards. The Lions responded with a 28-yard
field goal. In the second quarter, Detroit took the lead with a 36-yard touchdown catch by Calvin
Johnson, and later added more points when Tony Scheffler caught an 11-yard TD pass. Tampa Bay
responded with a 31-yard field goal just before halftime. The second half was relatively quiet, with each
team only scoring one touchdown. First, Detroit's Calvin Johnson caught a 1-yard pass in the third
quarter. The game's final points came when Mike Williams of Tampa Bay caught a 5-yard pass. The
Lions won their regular season opener for the first time since 2007.

Question: How many touchdowns were scored in the 2nd half?

Answer: 2

Explore more: https://huggingface.co/datasets/ucinlp/drop 20 Slides from Ana Marasovi¢



https://aclanthology.org/N19-1246/
https://huggingface.co/datasets/ucinlp/drop

I C O n d aQA [Ravichander et al., 2022]

Passage: In the summer of 1973, Parsons' Topanga Canyon home burned to the ground, the result of a
stray cigarette. Nearly all of his possessions were destroyed with the exception of a guitar and a prized
Jaguar automobile. The fire proved to be the last straw in the relationship between Burrell and Parsons,
who moved into a spare room in Kaufman's house. While not recording, he frequently hung out and
jammed with members of New Jersey—based country rockers Quacky Duck and His Barnyard Friends
and the proto-punk Jonathan Richman & the Modern Lovers, who were represented by former Byrds
manager Eddie Tickner.

Question: Was Parsons able to use his Jaguar car after the fire?

Answer: Yes

Explore more: https://huggingface.co/datasets/lasha-nlp/CONDAQA 21 S|IdeS from Ana MaraSOVié



https://arxiv.org/abs/2211.00295
https://huggingface.co/datasets/lasha-nlp/CONDAQA

| Question Answering

Almost any NLP task can be formulated as question answering
This is leveraged for model reuse, multi-task learning, prompting
Example: “Is this movie review sentence negative or positive?”

In such cases, QA is not a task but a format: “a way of posing a particular problem to a
machine, just as classification or natural language inference are formats” [Gardner et al.. 2019]

The key distinction to keep in mind is “how easy would it be to replace the questions in a
dataset with content-free identifiers?” [Gardner et al.. 2019]

[FORMAT] how easily can the questions be replaced with ids? [TASK]
(easy) (doable) (difficult)
What is thear sentiment of When was <PERSON> born? (too many templates and/or variables)
<STATEMENT>?

\ \ <PERSON> BORN:
R — <STATEMENT> SENTIMENT: Slides from Ana Marasovi¢



https://arxiv.org/abs/1909.11291
https://arxiv.org/abs/1909.11291
https://arxiv.org/abs/2107.12708

| Open-Domain Question Answering

Open-domain Question Answering (ODQA): Asking a model to produce answers to, typically factoid,
questions in natural language

The “open-domain” part:

¥ Relevant context is not provided and needs to be found:
> When both the question and the context are provided, the task is known as reading comprehension

¥ Answer choices are not provided
> When the choices are provided, the task is multiple-choice QA

General idea:

¥ An LLMS' pretraining data potentially didn’t contain relevant information, or even if it did, the model
is not capable enough to memorize it and refer to it when asked to answer a related question

¥ Find the relevant context where the answer is contained, then answer the question condition on the
found context

Slides from Ana Marasovic¢



[Kwiatkowski et al., 2019]

| Example of such QA: NaturalQuestions

Question: when are hops added to
the brewing process?

Short answer: The boiling process

Long answer:

After mashing, the beer wort is boiled
with hops ( and other flavourings if used )
in a large tank known as a " copper " or
brew kettle — though historically the mash
vessel was used and is still in some small
breweries . The boiling process is where
chemical reactions take place , including
sterilization of the wort to remove
unwanted bacteria , releasing of hop
flavours , bitterness and aroma
compounds through isomerization,
stopping of enzymatic processes, [...]

& Notlogged in Talk Contributions Create account Log in

Article  Talk Read View source View history | Search Wikipedia Q

Brewing

From Wikipedia, the free encyclopedia
"Brewer” redirects here. For other uses, see Brewer (disambiguation).
This article is about the brewing of beer. For homebrewing, see Homebrewing. For other uses, see Brewing (disambiguation).

Brewing is the production of beer by steeping a starch source (commeonly cereal grains, the most popular of which is
barley)'') in water and fermenting the resulting sweet liquid with yeast. It may be done in a brewery by a commercial
brewer, at home by a homebrewer, or by a variety of such as by the peoples
in Brazil when making cauim./?) Brewing has taken place since around the 6th mi BC, and

evidence suggests that emerging civilizations including ancient Eqypt'™) and Mesopotamia brewed beer.|*! Since the
nineteenth century the brewing industry has been part of most western economies.

The basic ingredients of beer are water and a fermentable starch source such as malted barley. Most beer is fermented
with a brewer's yeast and flavoured with hops.'®! Less widely used starch sources include millet, sorghum and cassava.®!
Secondary sources (adjuncts), such as maize (corn), rice, or sugar, may also be used, sometimes to reduce cost, or to
add a feature, such as adding wheat to aid in retaining the foamy head of the beer.I”! The proportion of each starch source
in a beer recipe is collectively called the grain bill.

Steps in the brewing process include malting, milling, mashing, g, boiling, 1 9, g, filtering, and
packaging. There are three main fermentation methods, warm, cool and spontaneous. Fermentation may take place in an
open or closed ing vessel; a Y ion may also occur in the cask or bottie. There are several
additional brewing methods, such as barrel aging, double dropping, and Yorkshire Square.

Contents [hide)

1 History
2 Ingredients
3 Brewing process
4 Mashing

4.1 Lautering
5 Boiling

5.1 Brew kettle or copper

24 Slides from Ana Marasovic¢


https://aclanthology.org/Q19-1026/
https://ai.google.com/research/NaturalQuestions/visualization

| Information Retrieval System
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https://lilianweng.github.io/posts/2020-10-29-odqa/

| TF-IDF/BM25

t
d = document (movie review)
term_frequency(t,d) = number of times
t occurs in d

document_frequency(t) = # documents t
occurs 1in

N = number of documents

inverse document frequency(t) = N /
document_frequency(t)

tf-idf(t,d) = tf(t,d) x
inverse_document_frequency(t)

token

score(query,d) = sum([tf-idf(t,d) for

t in query])

e Find documents that contain same
words found in the query

e No learning

IDF weighted tf

N\

-

" (N ﬁii
glog (dft) k(1 —b+b(ﬂ)) +1f, 4

|davg |

N

Slides from Ana Marasovic¢



| Dense Retrieval

e Use language models to embed your documents
e Use query to find most relevant documents




Two ways to dense retrieval

Jointly
embed

query and
document

s(q,d)

s(q,d)

@ @ @90
Query [sep] Document Query Document
(a) (b)

Two ways to do dense retrieval, illustrated by using lines between layers to schematically rep-
resent self-attention: (a) Use a single encoder to jointly encode query and document and finetune to produce a
relevance score with a linear layer over the CLS token. This is too compute-expensive to use except in rescoring
(b) Use separate encoders for query and document, and use the dot product between CLS token outputs for the
query and document as the score. This is less compute-expensive, but not as accurate.

4 Embed them

separately and
find document
most similar to

\_ query

Slides from Ana Marasovic¢



| Training dense retrievals (cont.)

Train the model to maximize the score for positive documents and minimize the score for negative ones:

Inner Product Similarity

'\ ~ L@.p".pi Py, -P0)
[0ocoooo0] [[Coooooo]

exp(sim(g,p™))
exp(sim(q P +)) + Z;:l eXp(SiIIl(q, pj_))

= —log

q v
Query Text chunks

Contrastive learning

o Positive @ Positive

.« =» o,

. Negative Negative

Source: ACL 2023 Tutorial: Retrieval-based Language Models and Applications; Section 3: Retrieval-based LMs: Architecture

Slides from Ana Marasovic¢


https://acl2023-retrieval-lm.github.io/
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External
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External
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Related | 1 Related | |
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o Question ! : coritext Question
Y Y
; Retriever , Retriever
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; tart end
A 4 y
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Answer Answer

Reading Comprehension

i Text Generation

Retriever-Reader Retriever-Generator

A LM’s parametric knowledge:
The information that the model

has encoded within its
parameters/weights during
training that it can then use to do
tasks for which that knowledge is
required

So, why LLMs need retrieval?

Question

Generator
(LM: BERT, GPT, etc)

l

Answer

Generator
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| Hallucination & Factuality

A hallucination is a response that is not faithful to the facts of the wo
Fine-grained hallucination taxonomy [Mishra et al.. 2024]:

rld

No

Is it a fact based

statement? Yes

Yes Is it verifiable based No
off web knowledge?
Does the information Is it about an
. 2 . 2 g ISHPS
No (ciitailneat) contradict with evidence? T — Yes invented entity?
What is the unit of
error? No
Factual Type 1(b): Type 1(c): Type 2: Type 3:
Sttt Contradictory -| |Contradictory - Invented Subjective
Relationship | | Sentence Level Information Statement

Type 4:

Unverifiable
Statement

L il

Factual errors (deleted/replaced for correctness)

Cannot be factually verified (highlighgﬁ

|
fo convey unverifiability) .,
ides from Ana Marasovié



https://arxiv.org/abs/2401.06855

| Retrieval Augmented Generation (RAG)

1. Use a retriever to identify top-k most relevant documents for the user’s prompt
2. Add the retrieved documents to the input
3. Ask the LLM to generate the answer based on this rich context (you know how this is done!)
% Finetune the answer-generator LLM and/or retrieval Input
\\\m ‘\%k\\**\‘%‘“w l
"%‘s\ \““"““\“"c}“‘ Q\ g\w +
Datastore At least billions~trillions of tokens
Raw text corpus Not labeled datasets
Not structured data (knowledge bases)
Figure Source: ACL 2023 Tutorial: Retrieval-based Language Models and Applications; Section 2 Slides from Ana Marasovi¢



https://acl2023-retrieval-lm.github.io/

| Reminder: Input Context Length

The attention matrix is quadratic in the maximum sequence length
If the length of an input sequence doubles, the amount of memory required quadruples

Training an LLM on sequence lengths of 128k will require ~1024x the memory compared to
training on sequence lengths of 4k

GPU memory
Poor generalization due to position encoding:

RoPE is the current choice (aims to preserve the relative distance between tokens)

Performance quickly breaks down for sequence lengths significantly longer than the model has
seen before [Press et al., 2022]

Slides from Ana Marasovic¢


https://arxiv.org/abs/2104.09864
https://arxiv.org/abs/2108.12409

| Retrieval-based LMs: Training

Option 1 — Independent Training:
Retrieval models and language models are trained independently

Option 2 — Sequential Training:
One component is first trained independently & then fixed, the other component is trained with
an objective that depends on the first one

Option 3 — Joint training w/ asynchronous index update:
Retrieval models and language models are trained jointly
Allow the index to be “stale”; rebuild the retrieval index every T steps

Source: ACL 2023 Tutorial: Retrieval-based Langquage Models and Applications; Section 4 Slides from Ana Marasovic¢



https://acl2023-retrieval-lm.github.io/

| Can recall more than Wikipedia

e Chatbots can pull from any website live (call
Google search as a “tool”)
e Chatbots can retrieve from past
conversations
e [or agents
o Retrieve past experiences/episodes
o Summarize current episode, retrieve most
relevant past observations
o Retrieve from library of collected
knowledge/data of the agent

[ ] Often uses ma ny Of the same @ .sr:r?g\x/;’:;?asll(;:s of Buy the cheapest color

ideas/mechanisms from classic retrieval bread need to be photo printer and send

it to Emily’s place
al toasted. - AL

Action: ! Example1 §: @
bread.go_to() ! 5

- «

Action: 2
click [18] 1§ Examplek §:



https://docs.google.com/file/d/1YaJxpe5bVnSpzFTsNIHdDm_6rxt57gcB/preview

Memory Is a very agent-like aspect

“Memory is everything. Without it we are
nothing.”

Short-term memory Long-term memory

Sensory

neuron Nucleus
Five pulses
Single pulse of serotonin
of serotonin \
Glutamate \\é

Motor -, RO
neuron ) —1
m{lceptors /ﬂ “\ /ﬂ

Anatomical change:
Synthesis of proteins in the
nucleus and growth of new
synaptic connections, as

Functional change: Synapse
strengthened via enhanced
release of glutamate. The
nucleus is not involved.

well as enhanced release
of glutamate.

Eric Kandel, “In Search of Memory: The Emergence of a New Science of Mind,”
2006.

Catastrophic forgetting, ripple
effects

— Transient learning
Knowledge Edit (LLM parameter 6 replaced by 6'):

Leonardo DiCaprio is a citizen of United States.—> Syria. (K1 = K7)

Expected Ripple-Effect:

Leonardo DiCaprio speaks English. —> Arabic. (K2 > K3)

Counter-Intuitive Failure Cases: Similarly -stqr ed
knowledge is updated
concurrently

Negation: | eonardo DiCaprio is not a citizen of
Syria. ¥ United States. (3

Parameter update
vector: ' — 6
Over-Ripple: Leonardo DiCaprio speaks  Explained

Syria. ¥ Arabic 3 by

Cross-Lingual: H-53%1%- iib £ % B2 i ¢y 5 2
(Leonardo DnCapno is a citizen of)
XE. X SFIE

(United States.) (Syria.)

Vg Pg (K1) similar projection on
gradient direction

Qin et al., “Why Does New Knowledge Create Messy Ripple Effects in LLMs?”
2024.

Slides from Yu Su




| Other “stuff’ - Memory
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| Takeaways

e Retrieval important part of agents

e Retrieval
o Non-learning methods (BM25, TF-IDF)

o Dense Passage Retrieval

e RAG

o Augment language generation with retrieved passages

e RAG for agents
o Reduce Hallucination
o Retrieval beyond knowledge/text
o Retrieval as memory
o Memory important aspect of humans/agents



I Any Questions
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I Now for the presentations!




