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* The transformer takes
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The dominant sequence transduction models are based on complex recurrent or —{_Add & Norm ] i -riead S e e n to ke n S to

convolutional neural networks that include an encoder and a decoder. The best Feed Attention

performing models also connect the encoder and decoder through an attention Forward N h k
mechanism. We propose a new simple network architecture, the Transformer, \ 1 _‘t)%: ge n e rate t e n eXt to e n
Add & Norm

based solely on attention mechanisms, dispensing with recurrence and convolutions ‘

! : . <. N ~{_Add & Norm 1
entirely. Experiments on two machine translation tasks show these models to _ Masked ° WO rd S a re to ke n S In
be superior in quality while being more parallelizable and requiring significantly hﬂt:ﬂi?;d M,;.Jtli:er';ieoar?
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English- '
to-German translation task, improving over the existing best results, including \ — — La rge La ngu age M Od e l.S
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task, Bosit ~ I 4 d
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after ositiona 6 - @ Posilional °
training for 3.5 days on eight GPUs, a small fraction of the training costs of the Encoding Encoding I ma ges can be
best models from the literature. We show that the Transformer generalizes well to Input Output . HALI
other tasks by applying it successfully to English constituency parsing both with Embedading Embedding to ke n Ize d by d IVI d I n g
large and limited training data. r r
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Figure 1: The Transformer - model architecture.



Probabilistic Model

Next Token Prediction in LLMs

LLMs generate text one token at a time. At each step, the model looks at the
previous tokens (context) and predicts the nxt token according to a probability distribution.

* The transformer takes as input
previously seen tokens to generate
the next token

* Words are tokens in Large
Language Models

2. Model Predicts Next Token Images can be tokenized by

1. Input Prompt (Context) 3. Next Token Probabilities o

Candidate next token Probability o dividing into Small SubimageS
) ) ” Paris 0.63 $ generates the

The Eifféldewnl lsicoatething) —p France 018 = token accordingto The transformer generates next
Europe 0.08 the probability .
the 0.03 distribution. token by computing
g v Paris P(wg|we_q, Wiy, ..., Wp) and

sampling from it to get a sample of
4. Append the Chosen Token and Repeat w
Step 1 Step 2 Step 3 Step 4 t

The Eiffel Tower is The Eiffel Tower is

The Eiffel Tower is

The Eiffel Tower is

* Conditional probability is learned

_ located in = [t _ - located in Paris gid ’ ) located in Paris , o located in Paris , France \ frO m d ata
‘ t s ; t , 1 _
Context Chosen Context Chosen Context Chosen Context Chosen * P (Wt’ Wt—l' "t WO) -
next token next token next token next token P (WO)P(Wl |W0) . P(Wt |Wt—1’ . WO)
How it works (training time) from chain rule of prOba bi llty
5. Generated Sequence (One token at a time) A et ariia: . . . .
el E_ﬂgn e i * Trained with supervised learning to
" : : : i e Eiffel Tower is .
The — ; Eiffel — Tower . — | is |—| located .—-h in |—| Paris |— " France — o = predICt neXt WO rd

' Key Idea:
LLMs are trained to predict the next token given the previous tokens.
By repeating this step, they generate coherent text.

Context (already generated)

Next token (generated)

2
3 The Eiffel Tower is located —
4

-

The model learns to predict the
correct next token at each step.

in

* Often called self-supervised
learning as label is constructed
from sequence itself

Image generated by ChatGPT



Conditional Generation

How do we get the LLMs to do
what we ask (prompt) for?

Essentially, we want conditional
%eneratlon given the prompt
(Wg, We_q, ..., Wy | prompt).
* Constructinstruction tuning

dataset consisting of many pairs
of prompts and responses

* Do fine-tuning with the dataset so
that P(W;, We_1, ..., W | prompt)
more accuratell reflect the
conditional distribution

* Learns quickly — knowledge from
pre-training transfers well for fine-
tuning

* Canimprove further with
reinforcement learning.

Most tasks can be viewed this
way: answer questions,
compose emails, make travel
plans, summarize text, chatbot,

Pre-training and Fine-tuning in LLMs

LLMs are first trained on a massive amount of general data to learn broad knowledge.
Then they are fine-tuned on smaller, task-specific data to become helpful for particular tasks.

1. Pre-training (Learn General Knowledge)

The model learns to predict the next token from
a huge amount of diverse, unlabeled text.

Massive, diverse text data

(R >
& B )

Web pages Books Articles Code ...and more
v
Self-supervised learning
(Next token prediction)
: +/ Language
v
v/ Facts
Example
+/ Reasoning
Input: The cat sat on the patterns
t and ! —r
e al * +/ Code
' World
Model predicts Base Model e
knowledge

next token = “looked” (Pre-trained LLM)

@® Outcome: A general-purpose model with broad knowledge
= but not yet specialized to any particular task.

Pre-training teaches the model “everything” from the world.
Fine-tuning teaches it “how to act” for a specific purpose.

@ Key Idea

2. Fine-tuning (Adapt to Specific Tasks)

The pre-trained model is further trained on a smaller,
labeled dataset for a specific task or behavior.

Task-specific labeled data (much smaller)

@ @ ' <S>
Chat / Assistant Classification

Summarization Code generation

? (conversations) (articles + summaries)  (Spam/ Not spam)  (instructions - code)

i
Supervised fine-tuning
(Using task labels)

Better at the target task

! @L’E \ v/ Follows instructions
Ay . A |

T +~ Uses the right tone

Starting point:
Pre-trained —

X )
model d: 'g K{f a
Fine-tuned Model
(Specialized LLM)

+/ Gives accurate,
relevant answers

S

@’ Outcome: A model specialized for the task—more helpful,
safer, and aligned with desired behavior.

Helpful, capable

Pre-training +
LLM for real-world use

(General knowledge)

Fine-tuning
(Task adaptation)



Is an LLM sufficient? An Al Scientist Agent

Consider what an Al scientist

needs to do:

1. Produce anidea

2. Assess impact and search prior
works for novelty

3. If impactful and novel
* Design method
* Design and run experiments
 Observe and record outcomes
* Do analysis

4. If assessed as successful,

write paper, otherwise goto 1.



Is an LLM sufficient? An Al Scientist Agent

T — \ Can this be done with a standard LLM?
Froduce an idea Yy  The task unfolds over time.
Assess impact and g e . .
searchpriorworksfor g B (-] 8 - |ntermediate state must be retained.
Vi 7_"%' = o N .
Ifimpactfulandnovel ‘& & < * External systems must be queried.
« Design method > Ny . .
. Designand run L y * Actions may fail or return unexpected
experiments - 2 =3 reSUltS
* Observe and record y i o y
outcomes / A5 £ . .
+ Do analysis 1w ., /. * The system must decide what to do
If assessed as AT A next.
successful, write paper, WY » . L.
| otherwisegotod. © & TTd * Claims and outputs must be verified.

* Cost, latency, and risk accumulate over
multiple steps.

Agentic architecture is the design of
these types of loops to enable LLMs to
complete these types of tasks
successfully.




t. ) Agent
A e n IC Goal or ]
g Specification b R;iasor"llng )
anning
> —_—
WO r kf lOW | Use current knowledge
Us er state to decide what to do next
( 4. Updating » e
Context/Short-Term 7 BN S
Memory / 5 v
1. Agent generates I ottt d " Repeat oo 2. Acting in the
reason/plan conditioned P oy Environment
on its context: r ~ p(R|c), e, Executs the chosen
usually using LLM T e P action(s)
. /4
2 Agent generates action 3.0Observin “Tall = o
: X . . . 9
given Its reasoning a ~ the Outcome
p(AJT', C) and actsin the Observe the result of
environment, usually the action
using LLM
3. Agentreceives : Action
observation o from the (og::fm’.e : EQIcOpinent )
. vation) ; . I :
environment Physical Environment Digital Environment
| [¢
4. Agent updates context o B | % -
c ~ ﬁ( lo,a,r,c) possibly g5 S %J _ |
Wlth elp Of LLM o Databases, filesystems, services, APIs,etc./




Example: ReAct Agent

Yao et al. ICLR 2023

- Actions
- __-HH‘\ —
|'/ \\' .'/ \
Reasoning
Traces LM Env
_ ’ < ‘
Observations
Reason Onl
Y Act Only
Actions
/ ""\.\ //' ] \\‘
{ L )
Reasoning LM Env
Traces
- AN %

Observations

ReAct (Reason + Act)

Early work on LLM agent.
* Added reasoning into loop

(
( {

(1) Hotspot QA |

|

Agent
1. Reasoning /
Planning

| Use current knowledge
state to decide what to do next

4. Updating
EE Context/Short-Term
Memory

Goal or
Specification

£

User

S
\

1k Repeat \

information into state Continuously

of knowledge until Goal !
T \  Achieved /

Incorporate new

2. Acting in the
Environment

Execute the chosen
action(s)

3. Observing =i
the Outcome

Observe the result of
the action

= Action
Outcome Environment
(Observation) Physical Environment Digital Environment

EDBBE

Databases, filesystems, services, APIs, etc.

- e

[

designed to interact with?
LY

Question: Aside from the Apple Remote, what other device

can control the program Apple Remote was criginally

A

(_[ (la) Standard ] N

Answer: iPod x
\.

ey

/{ (1b) CoT (Reason Only) ]\

Act 1:
Obs 1: The Apple Remote is a
remote control ..

Search[Apple Remote]

s { (le) Act-Only }—————__\

Ve | (1d) ReAct (Reason + Act) }

Thought 1: I need to search Apple Remote and find the
program it was originally designed to interact with.

Act 1: Search|[Apple Remote]

Obs 1: The Apple Remote is a remote control introduced in
October 2005 by Apple ..
Front Row media center program ..

the Front Row media center program. I need to search
Bow next and find what other dewvice can control it.
Act 2: Search|[Front Row]

Obs 2: Could not find [Front Row].

Similar: ['Front Row

originally designed to control the

Thought 2: Apple Remote was originally designed to control
Front

Thought: Let's think ste : :
i b Act 2: Search([Front Row] Seat to Earth', 'Front Row Motorsports',' Front Row
by step. Apple Remote was Obs 2: Could not find [Front (software) ', _.]
originally designed to Row] . Similar: ..
interact with Apple TV. Thought 3: Front Row is not found. I need to search [Front
Epple TV can be controlled Act 3: Search|FEONEIEOW Row (software)
by iPhone, iPad, and iPod (software) | Act 3: Search[Front Row (software) |]
Foueil so the answer is Gbs 3: Front Row is a Obs 3: Front Row is a discontinued media center software ..
iPhone, iPad, and iPod discontinued media center Thought 4: Front Row (software) is controlled by an Apple
Touch. software .. Remote or the keyboard function keys. So the answer is
keyboard function keys.
Answer: iPhone, iPad, iPod act 4: Finish ([l x Act 4: Finish[keyboard function keys | \/
\Tauch q AN J

Figures from paper and https://research.google/blog/react-synergizing-reasoning-and-acting-in-language-models/



Decomposing Agentic Workflow
Further

* Instead of asking LLM to do everything, decompose i
workflow into predetermined code paths. (2 ] e

e Often called harness, scaffold, framework, etc.

* Aimto
* Improve reliability through determinism, structured outputs, verification, error
handling, retries, etc., improve latency through parallelism, etc.

* Provide access to tools, e.g. command-line interface, coding, retrieval, web
search, APIls, etc., also sandboxes to execute and verify.

 Handle short-term memory/context/state and long-term memory (e.g. file-
system, git, database), etc.
* Subtasks sometimes done by sub-agents with its own context and can
run independently.




Common Workflows/Patterns

See examples at https://docs.langchain.com/oss/python/langgraph/workflows-
agents

Prompt Chaining
* Each LLM call processes output of previous call

Yes

Check Punchline Improve Joke Polish Joke
Generate Joke " Second call to .
. Check if joke has Third call to LLM
First call to LLM

LLM O A Ao s for final polish
joke

punchline



https://docs.langchain.com/oss/python/langgraph/workflows-agents
https://docs.langchain.com/oss/python/langgraph/workflows-agents
https://docs.langchain.com/oss/python/langgraph/workflows-agents

£ |z
Common Workflows/Patterns

See examples at https://docs.langchain.com/oss/python/langgraph/workflows-
agents

Parallelization

* Each LLM work simultaneously on a task.
* Run in parallel to decrease latency
* Run multiple times to increase confidence

Generate Joke
about Topic
1St LLM prompt
Combine Joke,
Story, and
Poem into
single output

Generate Story

about Topic
2"4 LM prompt

Generate Poem

about Topic
3 LLM prompt



https://docs.langchain.com/oss/python/langgraph/workflows-agents
https://docs.langchain.com/oss/python/langgraph/workflows-agents
https://docs.langchain.com/oss/python/langgraph/workflows-agents

Common Workflows/Patterns

See examples at https://docs.langchain.com/oss/python/langgraph/workflows-
agents

Routing

* Decide on which path to take, then route through the path

Generate Joke

about Topic Output
1St LLM prompt

Router Generate Story

LLM call to about Topic Output
decide route 2"d LM prompt

Natural language
input

Generate Poem

about Topic Output

3 LLM prompt



https://docs.langchain.com/oss/python/langgraph/workflows-agents
https://docs.langchain.com/oss/python/langgraph/workflows-agents
https://docs.langchain.com/oss/python/langgraph/workflows-agents

Common Workflows/Patterns

See examples at https://docs.langchain.com/oss/python/langgraph/workflows-
agents

Evaluator-Optimizer

* One LLM call generates, another evaluates (can be human-in-the-
loop.

* |If refinement needed, feedback provided and new version

generated
No

Generate Evaluator

Generate joke given Evaluates if joke is
current state funny enough



https://docs.langchain.com/oss/python/langgraph/workflows-agents
https://docs.langchain.com/oss/python/langgraph/workflows-agents
https://docs.langchain.com/oss/python/langgraph/workflows-agents

See examples at https://docs.langchain.com/oss/python/langgraph/workflows-
agents

Agent
. G??I o; 1. Reasoning /
pecification Planning
| Use current knowledge
state to decide what to do next
User
ing - =
'm - - =Y
’
Incorporate new / 2. Acting in the
! Environment
\
N
servil

Orchestrator-Worker 2| e %

Databases, filesystems, services, AP,  etc.

* Orchestrator analyses the task and dynamically creates Workers |
(human in the loop if necessary).

* Workers generate outputs that is combined by the synthesizer

Find good hotel
in Singapore

1t LLM prompt

Orchestrator C
_ Analyses reate Synthesizer
Plan a 3-day trip to requirements and sightseeing Combines the

i dynamically -
Singapore from 5to 7 Aug Generate subtasks itinerary outputs of the
2nd | LM prompt workers

Research

possible flights
3 LLM prompt


https://docs.langchain.com/oss/python/langgraph/workflows-agents
https://docs.langchain.com/oss/python/langgraph/workflows-agents
https://docs.langchain.com/oss/python/langgraph/workflows-agents

EEJ Context/Short-Term
Memory

Incorporate new
information into state 4\
wwwwwwww
\

Example from: https://huggingface.co/learn/agents-course/en/unit1/tools s e

* Al agents take actions in the environment though

use of tools.
* LLM generate text that represent the tool call
* LLM needs to know what the tools do and what exact inputs they expect

* Usually placed in the context by the system at the start
* Example with a calculator tool:

system_message=""""You are an AI assistant designed to help users efficiently and accurately. Your
primary goal is to provide helpful, precise, and clear responses.

You have access to the following tools:
Tool Name: calculator, Description: Multiply two integers., Arguments: a: int, b:

int, Outputs: int




Tools

Reference: https://huggingface.co/learn/agents-course/en/unit1/tools

e Some commonly used tools
e Command line interface
* Create/list/change directories, run programs through command line, etc.
Retrieval from external source.

* Retrieval Augmented Generation (RAG) is a commonly used method.
* Index document collection, do similarity search through embedding

Database queries, e.g. through SQL
Search the web and retrieve web pages

Model Context Protocol (MCP) provides a standardized interface for LLM tools
* Pre-built integration for the LLM
* Fast growing list of MCP servers available: Github, Notion, Slack, ...



Agent
Goal or i
oal or 1. Reasoning /
& Specification Planning
|

[
Use current knowledge
state to decide what to do next
User

Tools B
Example from https://huggingface.co/learn/agents-course/en/unit1/actions s | e

. Action
Environment

Physical Environment Digital Environment 1
e e

SoR

One highly expressive way for generating actions is to use L
code as action i

Instruction: Determine the most cost-effective country to purchase the Available APIs [3) estimate_ final_price(converted_price: float, shipping_cost: float) -> float
smartphone model "CodeAct 1". The countries to consider are the USA, [1] lookup_ rates(country: str) -> (float, float) [4] lookup_ phone_ price(model: str, country: str) -> float
Japan, Germany, and India. [2] convert_and_ tax(price: float, exchange_ rate: float, tax_ rate: float) -> float [5] estimate_ shipping_ cost(destination__country: str) -> float
LLM Agent using [Text/JSON] as Action CodeAct: LLM Agent using [Code] as Action
N I should calculate the phone price in USD for each country, then find the . I should calculate the phone price in USD for each country, then find the
é’ Think @ Think

most cost-effective country. most cost-effective country.

=) Text: lookup_rates, Germany

Action [——] 5
JSON: {"tool": "lookup_rates", "country": "Germany"} Action i -
countries = ['USA', 'Japan', 'Germany', 'India'] Control & Data Flow of Code

@ Environment 1.1, 0.19 Tinat.prizes = 4 Simplifies Complex Operations

for country in countries:
o > Text: lookup_phone_price, CodeAct 1, Germany exchange_rate, tax_rate = lookup_rates(country)
</>| Action > local_price = lookup_phone_price("xAct 1", country)

JSON: {"tool": "lookup_phone_price", "model": "CodeAct 1", "country": "Germany"} -
converted_price = convert_and_tax(

@ Environmant. 700 Fewer Actions Required! , local_price, exchange_rate, tax_rate
shipping_cost = estimate_shipping_cost(country)
Aorion Text: convert_and_tax, 760, 1.1, 8.19 final_price = estimate_final_price(converted_price, shipping_cost)
JSON: {"tool": "convert_and_tax", "price": 7008, "exchange_rate": 1.1, "tax_rate": 8.19} final_prices[country] = final_price
@ Environment 916.3 most_cost_effective_country = min(final_prices, key=final_prices.get)

most_cost_effective_price = final_prices[most_cost_effective_country]
print(most_cost_effective_country, most_cost_effective_price)

[... interactions omitted (look up shipping cost and calculate final price) ...]
Action 1oXt: lookup_rates, Japan Re-use ‘min’ Function from Existing
JSON: {"tool": "lookup_rates", "country": "Japan"} @ Environment 1.1, 819 Software Infrastructures (Python library)
[... interactions omitted (calculate final price for all other countries)...]
The most cost-effective country to purchase the smartphone model is Japan The most cost-effective country to purchase the smartphone model is Japan
é} Response é’ Response

with price 904.00 in USD. with price 904.00 in USD.



Memory

Reference: https://docs.langchain.com/oss/python/concepts/memory

* Memory is often divided into

* Short-term memory that tracks what has happened
in the current session

* Long-term memory that stores data across sessions

* Simplest method of managing short-term memory is to append the
entire history of what is generated and observed into the LLM context.
Multiple issues:

* LLM performance is poorer over long context, sometimes called context rot.

* Long context is computationally expensive
* Quadratic time, although exact prefix can be cached

* System message with instructions and tool description can be long even before
processing starts

* Maximum context length is fixed, depending on model.

* When context too long, often trim messages, delete some messages,
summarize messages (using LLM), etc.




Memory

Example from https://docs.langchain.com/oss/python/concepts/memory

* Long-term memory is often classified into
semantic, episodic, and procedural

Memory Type What is Stored Human Example Agent Example
Semantic Facts Things | learned in school Facts about a user
Episodic Experiences Things | did Past agent actions
Procedural Instructions Instincts or motor skills Agent system prompt

* Long-term memory is often stored in files, databases, etc.

* Can be retrieved with tools such as RAG (retrieval augmented generation),
database queries, reading files, etc.

 Some agentic systems allow procedural knowledge to be stored as skills
and loaded with the system message.


https://docs.langchain.com/oss/python/concepts/memory#semantic-memory
https://docs.langchain.com/oss/python/concepts/memory#episodic-memory
https://docs.langchain.com/oss/python/concepts/memory#procedural-memory

Example: Codex Harness and Coding

Reference and images: https://openai.com/index/unrolling-the-codex-agent-loop/ and

https://www.langchain.com/blog/the-anatomy-of-an-agent-harness

Codex is OpenAl’s coding agent

Initial LLM prompt consists of
* System message from config.toml

* Tools including Command Line
Interface (CLI), web search, MCP
servers

* Userinstructions in AGENTS.md
(README for agents)

» Skills (procedural knowledge) from
SKILL.md

Uses prompt caching for exact
prompt prefix for performance

Compact the conversation using
summarization once number of
tokens exceeds some threshold

Post-trained with models and
harness in the loop

Desired Agent Behavior What the Harness Adds
Work with real data durably - = Filesystem + Git
Write & Execute Code = - | Bash + Code Execution

Safe Execution + Default Tooling = Sandboxed Environments + Tooling
Remember and access new knowledge —_— Memory Files + Web Search + MCPs
Maintain performance over long contexts | — - | Compaction + Tool Offloading + Skills

Complete long horizon work * Ralph Loops + Planning + Verification

Each harness feature derivas



https://openai.com/index/unrolling-the-codex-agent-loop/
https://openai.com/index/unrolling-the-codex-agent-loop/
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https://openai.com/index/unrolling-the-codex-agent-loop/
https://www.langchain.com/blog/the-anatomy-of-an-agent-harness
https://www.langchain.com/blog/the-anatomy-of-an-agent-harness
https://www.langchain.com/blog/the-anatomy-of-an-agent-harness
https://www.langchain.com/blog/the-anatomy-of-an-agent-harness
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https://www.langchain.com/blog/the-anatomy-of-an-agent-harness
https://www.langchain.com/blog/the-anatomy-of-an-agent-harness

Examples from Agents4Academia Hackathon
https://github.com/Agents4Academia-Al. Two week hackathon (14-26 June 2026) in Oxford, NUS, NTU.

THE RESEARCH LIFECYCLE

SN

DISCOVER ORGANISE REPRODUCE VERIFY REVIEW
ST eRE SRS [ TR R e R ST A B SR s aam R R R R R R R A SEEEEEREEE ) RS EAEe SRS e N SR e A [ o AT RS S TR ®---- ST
Prior UReKA Benchmark-Replicator RefWarden Auto-Reviewer
claims & contributions unified notes across clean, runnable real - relevant - fair claim-evidence map, novelty,
from primary literature Zotero - Notion - Obsidian implementations of prior work citations rigor, hallucination check
Project What it does

Stage

Builds an auditable knowledge graph of claims and contributions from primary
Q Discover Prior literature, helping researchers understand the state of a field, contradictions, and
open questions.

Unifies Zotero, Notion, Obsidian, and arXiv into a linked, queryable research

B Organise UReKA
& — knowledge base.

= Reproduce Benchmark-Replicator Produces clean, minimal, runnable implementations of prior empirical papers.

. Checks whether references exist, whether their metadata is correct, and whether
~ Verify RefWarden . )

. they actually support the claims they are cited for.

. . Turns a paper PDF into claim—evidence maps, novelty and rigor checks, and a self-

> Review Auto-Reviewer Pap P y &

critique pass for hallucinations.



https://github.com/Agents4Academia-AI
https://github.com/Agents4Academia-AI
https://github.com/Agents4Academia-AI
https://github.com/Agents4Academia-AI/prior
https://github.com/Agents4Academia-AI/UReKA
https://github.com/Agents4Academia-AI/benchmark-replicator
https://github.com/Agents4Academia-AI/benchmark-replicator
https://github.com/Agents4Academia-AI/benchmark-replicator
https://github.com/Agents4Academia-AI/citation_verification
https://github.com/Agents4Academia-AI/auto-reviewer
https://github.com/Agents4Academia-AI/auto-reviewer
https://github.com/Agents4Academia-AI/auto-reviewer

Examples from Agents4Academia Hackathon

https://github.com/Agents4Academia-Al. Two week hackathon (14-26 June 2026) in Oxford, NUS, NTU.

Stage Goal

— [ ]
 PDF =
— |
" e
®
@ —2
@
: Novelty
@ —ls
B L Corre!:tness_] -
=] Empirical Evidence J

@

® © o o o

& A& A A A
Domain  Methodology ~ Empirical ~ Skeptical  Practical
Expert Expert Expert Expert Expert

B}
Ly
7
Qo

@

Directly read the PDF

Overall
understanding

Section-by-section
analysis

Claim extraction
and evidence

mapping

Novelty check
Significance / impact

analysis from multiple
perspectives

Rigor check

Review planning
Draft review

Self-critique

Finalize

Directly read the PDF — structured paper representation:

title, claims, contributions, figures/tables, etc.

One-paragraph summary +
claim-evidence map

Issues / missing information /
ambiguous claims

Claim extraction and evidence mapping:
categorized by novelty / correctness /
empirical evidence, etc.

Use Claude’s built-in web_search tool
to find similar prior work

Significance / impact analysis
from multiple perspectives: 5 personas

Internal correctness, claim support,
experimental rigor

Strengths / weaknesses /
recommendation

Author-facing review text

Identify hallucinations / overly strong
claims / inconsistencies

Apply the critique and output the
final review + improvement checklist

Dependency pattern for stages in
Auto-Reviewer



https://github.com/Agents4Academia-AI
https://github.com/Agents4Academia-AI
https://github.com/Agents4Academia-AI

Examples from Agents4Academia Hackathon

https://github.com/Agents4Academia-Al. Two week hackathon (14-26 June 2026) in Oxford, NUS, NTU.

Prior turns primary literature into a queryable Sodssepciala )
atlas of claims (a typed graph) and answers (o || 9 arkiv
questions from it — with C|tat|ons surfaced Openiex ari

contradictions, and an honest' not found".

https://github.com/Agents4Academia-Al/prior/blob/main/docs/architecture.md

3 B

‘ Cartographer [ shared atlas: Navigator
) /QW‘}) claims - typed edges ]

. I W W P
Agent File In - Out How w e
== contradicts
‘ = extend:
o e ' T -
atomic, typed one structured call ol i SEDS IR \ * question > answer
Reader reader.py S i
claims (+ evidence per paper

span, confidence)

claims - typed BM2.5 proposes
. candidate pairs;
relations

Cartographer cartographer.py I one structured call
per claim labels

ts/refines/extends) .~ (avoids O(n))

BM25 retrieves
relevant claims;
one call returns
verdict +
supporting/contrad
icting/open,

or not_found

1111

guestion + atlas -

Navigator navigator.py
grounded answer

resource


https://github.com/Agents4Academia-AI/prior/blob/main/docs/architecture.md
https://github.com/Agents4Academia-AI/prior/blob/main/docs/architecture.md
https://github.com/Agents4Academia-AI/prior/blob/main/docs/architecture.md
https://github.com/Agents4Academia-AI
https://github.com/Agents4Academia-AI
https://github.com/Agents4Academia-AI

Multi-agent Architectures
(ChatGPT output in slide notes, use if helpful)



Example multi-agent scrum team



Observability and Learning

* Execution traces provide information that can be used to improve
agents.

* Tracking and evaluating the execution traces often called agent
observability

* Include reasoning failures as well as in system issues, e.g. latency, cost of
tokens, etc.

Al tools are also used to assist evaluation
* E.g. LLM-as-judge, often used with defined rubrics

* The system should learn and improve from the execution data
* LLM also used to diagnose and summarize



Example: Reflexion
Shinn et al. NeurlPS 2023

,—[ l. Decision making ] . [ 2. Programming %

= __T

You are in the middle of a room Task: You are given a list of two
a) Task [...] Task: clean some pan and put strings [...] of open '(' or close
Agent
it in countertop. ')'" parentheses only [...]
External feedback l ]
. [...] def match parens(lst):
[ Self-reflection (LM) Action: tak 1 £ v b 1 i £ l_p Vo4
Reflective (b) ion:take pan rom stoveburner if sl.count (' (")
fg::g;i'k - Trajectory | Obs:Nothing happens. [...] s2.count (' (') == sl.count(')') +
Action:clean panl with sinkbasinl sZ.count (") "): [...]
Evaluator (LM) ’ Experience ©) Obs:Nothing happens. [...] return 'No'
(long-term memory) Evaluation Rule/LM Heuristic: Self-generated unit tests fail:
. Hallucination. assert match parens(...)
3 1 (internal / external) =
Trajectory i
e Actor (LM) | ¢ [...] tried to pick up the pan in [ ..] wrong because it only checks
(d) if the total count of open and
. stoveburner 1 [...] but the pan close parentheses is equal | ]
Reflection | yas not in stoveburner 1. [...] P & o
order of the parentheses [...]
l [...] Action: take pan 1 from [ ]
—Obs / Reward — Environment - Action (e! Next S[tov?bg;fryiu e ere a1 s return 'Yes' if check(Sl) or
Trajectory C;l'lr;tertoé . 3 P check (S2) else 'No'




Example: Meta-Harness  ressenw

All Experience

'¢=;:r¢ Harness Harness+LLM @Tasks
Lee et al. 2026 B O= ¥
https://arxiv.org/abs/2603.28052 e T == ®
= Harness Code

—
* Search over harness using T O T— L
Claude Code 0 .l
1. Read file system containing all ( Query )
prior candidates’ source code,
execution traces, and scores. —

keyword and regex cues

2. Propose new harnesses and
evaluate on evaluation tasks. // \\
3. ' '

Store all logs in new directory —
BM25@20 Number theo Algebra/Other
a n d I.OO p Delgaupntko 8 ‘ 1 fixe d f o 2 BMZS Bll\{[eiifllz Bgﬁgﬁ;(] ]
Keep 3 Keep 3 Adaptive K

* Improve IMO level problems by
4.7 points

[ Build final prompt ]



https://arxiv.org/abs/2603.28052

Summary
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