Agentic Coding Workflow for Research

How to use LLM agents for validation, prompting, coding, debugging, and research iteration

Gyeongsu Cho
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Introduction

Introduction

LLM? Vibe Coding? Agentic Coding?

Andrej Karpathy

000000

| create educational videos on Al on my YouTube channel. The videos come in two parallel tracks: a
ey technical track and a general audience track.

1. Technical track: Follow the Zero to Hero playlist. General audience track:

2. Deep Dive into LLMs like ChatGPT is on under-the hood fundamentals of LLMs.
3. How | use LLMs is a more practical guide to examples of use in my own life.

4. Intro to Large Language Models is a third, parallel, video from a longer time ago.

For all the latest, | spend most of my time on X/Twitter or GitHub.

| came back to OpenAl where | built a new team working on midtraining and synthetic data generation.

| was the Director of Al at Tesla, where | led the computer vision team of Tesla Autopilot and (very briefly)
Tesla Optimus. My team handled all in-house data labeling, neural network training and deployment on
Tesla's custom inference chip. Today, the Autopilot increases the safety and convenience of driving, but
the team's goal is to make Full Self-Driving a reality at scale. See Aug 2021 Tesla Al Day for more.

a | was a research scientist and a founding member at OpenAl.

@

Vision Lab and | also had the pleasure to work with Daphne Koller, Andrew Ng, Sebastian Thrun and
Vladlen Koltun along the way during the first year rotation program.

My PhD was focused on convolutional/recurrent neural networks and their applications in computer
vision, natural language processing and their intersection. My adviser was Fei-Fei Li at the Stanford

For research code, “vibes” are not enough. We need context, constraints, and validation.

@ Andrej Karpathy o]
Rl

There's a new kind of coding | call "vibe coding", where you fully give in to
the vibes, embrace exponentials, and forget that the code even exists.
It's possible because the LLMs (e.g. Cursor Composer w Sonnet) are
getting too good. Also | just talk to Composer with SuperWhisper so |
barely even touch the keyboard. | ask for the dumbest things like
"decrease the padding on the sidebar by half" because I'm too lazy to
find it. | "Accept All" always, | don't read the diffs anymore. When | get
error messages | just copy paste them in with no comment, usually that
fixes it. The code grows beyond my usual comprehension, I'd have to
really read through it for a while. Sometimes the LLMs can't fixa bug so |
just work around it or ask for random changes until it goes away. It's not
too bad for throwaway weekend projects, but still quite amusing. I'm
building a project or webapp, but it's not really coding - | just see stuff,
say stuff, run stuff, and copy paste stuff, and it mostly works.

7m

Elon Musk
Hmm
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Concept

Meaning

Risk

LLM

Predicts and
generates
text/code from
context

Can hallucinate

Vibe Coding

Prompt casually
and accept
generated code

Fast but fragile

Agentic Coding

Give goal,
context,
constraints,
validation, and
iterate

Slower but
reliable

i‘i
LREE
iJrns'r = https://karpathy.ai/

s N oo | https://x.com/karpathy/status/1886192184808149383
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What is an Large Language Model (ChatGPT)?
MacBook %‘

< llama-2-70b
.C
parameters run.c
1
140GB ~500 lines
of C code
= @ An LLM is a trained parameter file that generates text through inference code.
13.5

INTELLIGENCE GR

sz, | https://www.youtube.com/watch?v=zjkBMFhNj_g&t 5
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How to train LLM(ChatGPT)

o 2420
How to predict

2437 284 4331

\ 7 \words 2

Stage 1: Pretraining

1. Download/~10TB of text.

overy 2. Get a cluster of ~6,000 GPUs.

T 3. Compress the text into a neural network, pay
~$2M, wait ~12 days.

v 4. Obtain base model.

tokens 16326

LLM —

tok embed

pos embed @ —B-E)

transformer 1

v

layer norm

3

multi-head, causal

self-attention

(it
L

Stage 2: Finetuning

1. Write labeling instructions

2. Hire people (or use scale.ai!), collect 100K high

quality ideal Q&A responses, and/or comparisons.
every 3. Finetune base model on this data, wait ~1 day.

~week 4. Obtain assistant model.

5. Run a lot of evaluations.

6. Deploy.

7. Monitor, collect misbehaviors, go to step 1.

v

layer norm
v
feed

forward

%)Qi

layer norm
linear

softmax

LM is trained in two major stages: pretraining learns language patterns, and finetuning teaches assistant behavior.
| @5 e o ot e et TONNL P 6

https://bbycroft.net/llm
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https://www.youtube.com/watch?v=7xTGNNLPyMI&t

Introduction 0VISI &
Introduction ROBOTIOS LAB

Token is the basic unit of text that an LLM reads and generates.

Tiktokenizer gpt-to .
System ~ You are a helpful assistant b4 -
52
User v ohsie. mexzedt Bue reeser OO x
i v = x| o o@ > . . .
Assistant HE HRImElchatgp AU 2% <|im_start|>system<|im_sep|>You are a helpful assistan TeXt IS Spl It Into tOken S.
U x t<|im_end|><|im_start|>user<|im_sep|>2tdstH2. Xe =F+
Iser 4

giLich, A2 S3e17tR7<|im_end |><|im_start|>assistant<|i > H
m_sep |>X& HX|TE|(chatgpt)eLICt.<|im_end|><|im_start|>u The mOd el predICtS the neXt tOken‘
Add message ser<|im_sep|><|im_end|><|im_start|>assistant<|im_sep|>

. Context length is measured in tokens, not pages or words.

<|im_start|>system<|im_sep|>You are a helpful
assistant<|im_end|><|im_start|>user<|im_sep|>QtdstH. X Zh%
QiLict, gl =3ol7iR7<|im_end |><|im_start|>assistant<|im_sep|>H

£ HXEE|(chatgpt)euict. <|im_end|><|im_start|>user<|im_sep|> ® EaCh LLM haS a maXimum Context Iength-
<|im_end|><|im_start|>assistant<|im_sep|>
A e.g., GPT-5.5: up to 400K tokens

200264, 17360, 200266, 3575, 553, 261, 10297, 29186, 2

00265, 200264, 1428, 200266, 14307, 171731, 13, 19909 . . q

@, 21853, 15056, 7820, 27001, 13, 89570, 4740, 155209, © In agentlc COdlng, we need to know how much context we are using.
149208, 7952, 3@, 200265, 200264, 173781, 200266, 2231

6, 2770, 37400, 245, 3908, 31361, 20534, 85130, 70, 55

5, 8, 27001, 13, 200265, 200264, 1428, 200266, 200265,

200264, 173781, 200266

Show whitespace

dabd Diagram. 9

Token visualizer

LLMs do not read raw text directly — they read and generate tokens.
LG System prompt, user prompt, agent reply, code, logs, documents, and chat history all consume tokens.
unisT % @ % - -

https://tiktokenizer.vercel.app/
https://github.com/openai/codex/blob/main/codex-rs/core/gpt_5_2_prompt.md?plain=1 7
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Context is the information the model can “seg” when answering.
closed book HIAE openbook HIAE
d N
4 h E;] Context includes:
“CAesz | Userprompt
J|elnto 2 P « System instruction
EXE 2! v %E/ug « Code files
| ©eanass et e o « Papers / documents
% “| « Previous conversation
= « Few shot examples
. « Error logs...

@ 2wl s1ei orstol o1 () crst stz #si0] Of3HE Kol

-

Naively using LLM Using Context

:;-.. The key is not more context, but the right context.

MisT 4]
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Why Agentic Coding Matters for Researchers

« Research code is repetitive but context-heavy.

« Agents can accelerate implementation, debugging, and
refactoring.

« The researcher still owns the idea, assumptions, and
validation.

« The bottleneck shifts from “typing code” to “specifying

and verifying work.’

Andrej: Didn't type a line of code after Dec 2025.

The new bottleneck is not writing code, but specifying and validating research work.

=G5S
iJ""E" L | https://www.youtube.com/watch?v=kwSVtQ7dziU&t=102s 9
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Summary

« LLMs generate outputs from tokens and context.

« Context is the information the model can see. (Context Length of GPT : 400K)
 For coding agents, context includes code, logs, papers, goals, and constraints.
« Research code is context-heavy, so “vibe coding” is not enough.

« Agentic coding = context + constraints + validation loop.

=l
unisT L A XX

10
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Reference That Shaped My Workflow

« Post l Boris Cherny &
Back " "
Andrej Karpathy © ) ) N R Jin Joong Kim @ E
I'm Boris and | created Claude Code. Lots of people have asked how | use ‘ AI/ML believer, 25+ years' coding experienced star
. Claude Code, so | wanted to show off my setup a bit. i - @
A few random notes from 2 a 3 Lol 3T ojojHE ZEzy =20
My setup might be surprisingly vanilla! Claude Code works great out of
Coding workflow. Given the latest lift i ility, like many thy b P Ig IIDd .Ty tomize it h. There i & " = ot 5
e Ky ally 0 ze N e 0 e C C =
others | rapidly went from about 80% manual+a omplete coding and & box, S0 | personally don .cus Dlm‘ el ml‘m c rels r\u_on Drte 1LHEE H|T‘_'-'_f Et_f
agents in November to 80% agent way to use Claude Code: we n_ﬂentlon.:\ly build it in a way that you can 2. 78|12 HEsa} sict
in December. i.e. | really am mostly prog use it, customize it, and hack it however you like. Each person ogtha 2 su=all nb x| ZE5}a} S}
. y - . texl g gt
sheepishly telli e LLM what ' rords. Claude Code team uses it very differently. ai-research-writing . PN S| erex| ettt
a bit but the power to operate over software in large "code actions i}
st .tcc net useful, especially once you aldapn_ i So, here goes P i 1 6renen © 0 7ag Q sotwr t  Adtie - mﬂl\ o & x| HEsta st
use it, and wrap your head around what it can and P —— oz 2o ae Dsecomms | 1-F TEIEIH Olsy, 22t ZRHISS HESISH ST

easily the biggest change to my basic coding workl Peter Steinherger Posts

i i 1B 28 QleR AEstet gt
programming and it happened over the cours  Focusing

© kot mielo| ok HEst 3712 Lk a2 it

well into dou -
: ) @ et e o o ° SO EEEIML AL § £ U= BE0| YEX| ZESIatD BiCt
L Shipping at Inference-Speed - 4k glex| solsiata st
& 28 vec, 8 nin read @ 10 s ST T NEE ol B HEslElD Bt
IDEs/agent swarms/fallability. Both the "no need WM EEes|E A= Qlcte Ma|sletn st
and the "agent swarm" hype is imo too much for ig What Changed Since May - )| 25| =2X) HEERID §Ct

It's incredible how far “vibe coding” has come this y
was amazed that some prompts produced code that worked out of

definitely still make mistakes and if you hay
S 1 e e vy sl F A RERAREAMENET = BiR2.

Boris Cherny
1/ I run 5 Claudes in parallel in my terminal. | number my tabs 1-5,

system notif ns to know when a Claude needs input EFAE . prympt LREEAR 1R R —NRH
HREEEARDIRTEN , BHF

+8 SR BAlE geX Helsetn stct

LEO| WA SAIC CHE ol e el RES W HEAIR)
sE & y & ¥ HEstelns

SARSENES  TASBATEASAS, EX—F , agent 23 S Wme] WR{EIRIX| ChA| 8 ¥ HESIRmet)

# AN . ARS AT FROA FF, SNTFEEHIHFFSE R EHY

nged a lot - they are not simple

they are subtle conceptual errors that a slightly slo
_ burned a lot of to then. Time for an update. skills 17483

is now my expectation. I can ship code now at a speed that see

It's funny how these agents work. There's been this argument a few weeks ago

@ BIET 4

using ag’]entsr creates a disconnection — and I couldn’t diségréé more. When MM T MSRA, Seed, SH Al Lab B
FRF :

that one needs to write code in order to feel bad architecture and that

RUMNESER . LR, REX, LENEMEY  SRIERENNSEES
you spend enough time with agents, you know exactly how long sth should

take, and when codex comes back and hasn’'t solved it in one shot, I already + o Prompt I EE. A, STSEEMAEM prompt
+ s Agent Skills : R THEA |, agent skills EFBARENSH | EFE—TEMHE. RI7R
BT E el S skills | {bER{R

HERRE R

get suspicious.

The amount of software I can create is now mostly limited by inference time HE
and hard thinking. And let's be honest - most software does not require hard

thinking. Most apps shove data from one form to another, maybe store it + £ RERTE: RA-BHIARNASRERAER
« F FEEA: BENE, IRBEERF
o v REREE  FEERREORETN

somewhere, and then show it to the user in some way or another. The simplest

form is text, so by default, whatever I wanna build, it starts as CLI.
FEE prompt Wit LIRAEE, ERNEERENHE,

Agents can call it directly and verify output - closing the loop.

Influenced by Top engineer/researcher.

TGS

ARTIFICIAL INTELLIGENCE GRADUATE SCH0OL 12




Research Workflow 30 &

Research Workflow ROBOTIOSLAR

Codex vs. Claude: Practical Comparison

Pros

e Understands intent even with vague or incomplete prompts
e  More natural and flexible interaction

Pros

e  Follows prompts very precisely
e  High accuracy when instructions are well-defined
Cons

Cons
e  Expensive for heavy usage

¢ Requirssivery preciss aod sfructured prampts e  Slightly lower precision compared to Codex

| prefer codex

LG
unisT '5"'!‘

| ARTIFICIAL INTELLIGENCE GRADUATE SCHOOL | 1 3
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Codex

Codex

One agent for everywhere you code

Codex is OpenAl’s coding agent for software development. ChatGPT Plus,

Pro, Business, Edu, and Enterprise plans include Codex. It can help you:

Write code: Describe what you want to build, and Codex generates

code that matches your intent, adapting to your existing project

Structure and conventions_ What should we build in fitness-tracker?
Understand unfamiliar codebases: Codex can read and explain

complex or legacy code, helping you grasp how teams organize

systems.

Review code: Codex analyzes code to identify potential bugs, logic

errors, and unhandled edge cases.

Debug and fix problems: When something breaks, Codex helps trace

failures, diagnose root causes, and suggest targeted fixes.

Automate development tasks: Codex can run repetitive workflows such
as refactoring, testing, migrations, and setup tasks so you can focus on

higher-level engineering work.

npm install -g @openai/codex




Research Workflow

Research Workflow Overview

My Workflow: Validation — Prompting — Execution

S0 VISION &
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Step

What | do

Tool

Validate

Check feasibility using papers/code

GPT-5.5 Pro / Thinking

Package Context

Prepare repo, logs, constraints

gitingest, files, notes

Prompt Convert idea into executable task GPT-5.5 Pro / Thinking
Execute Let Codex modify code with plan Codex
Verify Run tests, inspect diffs, debug Human + agent/ GPT 5.5 Pro

g
lJE)
unisT 'A( -‘

15
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My Workflow: Validation - Prompting — Execution

1. Git ingest (github.com > gitingest.com)

https://github.com/yiyuzhuang/IDOL https://gitingest.com/yiyuzhuang/IDOL

= ) yivuzhuang / 1D0L Gitingest EDjimstxt O GitHub + 14.2

<> Code (© Issues 21 11 Pulirequests 1 &> Agents (O Actions [ Projects (@ Security [~ Insights

-

@ IDOL Puvic @watch 8 -
| yiyuzhuang/IDOL | Ingest |
¥ main ~ ¥ 1Branch © 0Tags Q Gotofile t Add file ~ <> Code ~
Include files under: 50kB
e ] Do oo B
@ vivuzhuang Update avatar_datasetpy @ 140296 -7 morths ago D 20 Commite — )
W asset add dataset 2 years ago
M configs fix model path in configs 8 months ago -
8 data_processing update training code 11 months ago _
Summary Directory Structure @ Copy
B dataset fix mistakes of the dataset readme last year
. env fix path to download pretrained models script 8 months ago Repository: yiyuzhuang/idol Directory structure:
Commit: L— yiyuzhuang-idol/
™ iib 7 months ago 9fd9296¢28e818f9ed515c5943df1574 |— README.md
bBec82d — run_deno.py
| scripts update training code 11 months ago Files analyzed: 56 }— setup.py
— train.py
[ .gitignore update license last year Estimated tokens: 107.3k }— configs/

|— idol_debug. yanl

[ README.md update training 11 months ago |— idol_ve.yaml
& Copyall ® Download lasldatasatazol

[ run_demo.py update some details last year
[ setuppy update license last year Files Content & Copy
O trainpy update training code 11 months ago

%@5 We can convert a github repo as a text file to upload to LLMs (for context).

https://gitingest.com/
https://github.com/Threedv/llm_text 16
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Research Workflow

Research Workflow

My Workflow: Validation — Prompting — Execution

2. GPT 5.5 Pro or Thinking (Extended)

| Do not ask Codex to implement an unvalidated idea.

| validate before coding:

* |s thisideatechnically feasible?

* Which files/modules should be modified?
 What are the likely failure modes?

* What experiments or tests are needed?

* My concernis XXX, is that okay?

S0 VISION &
RO@OT SLAB

3dtopia-lgm-8a5edab282632443.txt
Document

®

IDOL_CODE.txt
Document

®

Can | use LGM output as a SMPL-aligned Gaussian like IDOL?
| can make 4 excellent human views, and | want to control Gaussian
output like IDOL using LGM.

Examples

| continuously validate my research direction or coding plan using GPT-5.5 by providing both papers and code, ensuring that my ideas

are feasible, technically sound, and aligned with existing methods

g
lJE)
unisT 'A( -‘
Erre—
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My Workflow: Validation - Prompting — Execution

3. GPT 5.5 Pro or Thinking (Extend) (make Codex prompt)

Now inspect the repository and start from Step 1.
Based on my prompt, make a codex command!

I'm checking the current Codex CLI syntax so | can give you a repo-ready command without guessing.

I've got the current CLI syntax. I'm packaging your repo task a

stdin heredoc so the full prompt passes cleanly without shell-quoting issues.

A good Codex prompt should include:
e Goal

 Current code context

* Filestoinspect/ modify
 Constraints

* Expected output

* Verification commands

* Do-not-touch rules

Once the validation step is complete, | use GPT-5.5 to convert my validated ideas into structured Codex prompts, ensuring
that the instructions are precise, reproducible, and ready for execution

1]

155
| T LU | https://chatgpt.com/g/g-p-69aa12ac06d48191a26086a5cded9195-gyeong-s-animal-reconstruction/c/69b13366-9c0c-83a3-9f1¢c-f230c633ac05

18
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Research Workflow

My Workflow: Validation — Promptin

unisT

| execute code
refine until it is reliable, and only then proceed to execution

55

4. GPT 5.5 Codex execution

- Identify:
~ where GenZoo encoder/features are used,
- where SMAL parameter prediction happens,
- where geometry losses are computed,
- where textured rendering is computed,
~ which config files and scripts correspond to overfit/debug vs real training.

Step 2. Propose a concrete modification plan
- Describe the exact files to add/modify.
- Explain how you will:

- add DINOV2 as a new encoder backend

- create a GT-geometry / texture-only training mode

- preserve the current codepath,

- reorganize configs / README for a full animal pipeline

Step 3. Implement the changes
- Make the code edits.
- Keep them clean and easy to review.

Step 4. Validate the new path
- Run lightweight sanity checks if possible.

- Verify tensor shapes and key forward passes.

- Check that the new config can at least instantiate the model and dataset without obvious breakage.

- If full training is too expensive, do smoke-test level validation.

Step 5. Report the result

Provide:

1. Summary of code changes

2. Which files were added/modified

3. Exact commands for:
- old baseline animal path
- new DINOV2 + GT-SMAL texture-focused full training path
- optional smoke-test command

4. Any caveats or remaining issues

Important design guidance
For the new full pipeline
- Input image

- DINOV2 image encoder

- texture / appearance decoder
- GT SMAL+ parameters from dataset

- SMAL mesh generated from GT params

- differentiable rendering with GT geometry
- rendering / texture supervision losses

- no geometry regression loss in this mode

I prefer the following conceptual structure if it matches the codebase well

Please be careful about this:

- I do NOT want the current working version to be overwritten.

- I want a new, cleaner, stronger training pipeline for animal texture learning.
- GenZoo remains in the repo for future demo/inference usage.

- DINOV2 is for the new training pipeline.

- GT SMAL+ params should drive geometry in the new training mode

Coding style

- Keep names explicit and readable.

- Avoid unnecessary refactors.

- Add concise comments where the mode switch is non-obvious

- Update README examples and config names so the repo no longer frames the animal path as only overfitting

After coding, please give me the final recommended command lines I should run
Now inspect the repository and start from Step 1

PROMPT

Working

S0 VISION &
ﬂO@OT SLAB

g — Execution

* Excecute code using Codex.

e Startwith /plan before editing.

* Review the proposed plan.

* Reject or refine unsafe steps.

* Execute only after the plan is specific.

using Codex in terminal with Plan Mode, where Codex first generates a plan that | continuously validate and

19
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ome Tip

Tip 1: How to make a prompt

OpenAl Developers

Get started
Overview
Quickstart
Models
Pricing
Libraries
Latest: GPT-5.5

Prompt guidance

Core concepts
Text generation
Code generation
Images and vision
Audio and speech
Structured output
Function calling
Responses API

Using tools

Agents SDK
Overview
Quickstart

Agent definitions

Home = APl ~ Codex v ChatGPT ~ Resources ~

Prompt guidance

(@ Copy Page

GPT-5.5 GPT-5.4 GPT-5.3 Codex GPT-5.2 GPT-5.1 GPT-5 GPT-4.1

GPT-5.5 prompting guide

New in GPT-5.5vs GPT-5.4

* Shorter, outcome-first prompts usually work better than process-heavy prompt stacks.
= More efficient reasoning means low’ and ‘'medium’ effort should be re-evaluated before escalating.
= Preambles, ‘phase’ handling, and assistant-item replay remain important for tool-heavy Responses workflows.

* Explicit personality, retrieval budgets, and validation rules help shape customer-facing and agentic UX.

GPT-5.5 works best when prompts define the outcome and leave room for the model to choose an efficient solution path
Compared with earlier models, you can often use shorter, more outcome-oriented prompts: describe what good looks like,

what constraints matter, what evidence is available, and what the final answer should contain.

Avoid carrying over every instruction from an older prompt stack. Legacy prompts often over-specify the process because
earlier models needed more help staying on track. With GPT-5.5, that can add noise, narrow the model’s search space, or

lead to overly mechanical answers.

For more detail on GPT-5.5 behavior changes, start with the Using GPT-5.5 guide. This guide focuses on prompt changes
that follow from those behavior changes.

S0VISION &
ROBOTIOSLAB
)

Role: [1-2 sentences defining the model's function, context, and job]

# Personality
[tone, demeanor, and collaboration style]

# Goal
[user-visible outcomel

# Success criteria
[what must be true before the final answer]

# Constraints
[policy, safety, business, evidence, and side-effect limits]

# Output
[sections, length, and tone]

# Stop rules
[when to retry, fallback, abstain, ask, or stop]

Read official docs

https://developers.openai.com/api/docs/guides/prompt-guidance



https://developers.openai.com/api/docs/guides/prompt-guidance

e SOVISION &
Some Tips ROBOTIOSLAE

Tip 2: Divide the sessions

LLMsS GET LoST IN MULTI-TURN CONVERSATION G.4 IMPLICATIONS FOR USERS OF CONVERSATIONAL SYSTEMS

Philippe Laban*© Hiroaki Hayashi**® Yingbo Zhou® Jennifer Neville®
©Microsoft Research *Salesforce Research

{plaban, jennevillelamicrosoft.com
{hiroakihayashi,yingbo.zhou}@salesforce.com

Users of LLM-based products should be aware of the lack of reliability of LLMs, particularly
when used in multi-turn settings. Generally available generative technology is new, and prior work
has identified the randomness in LLM-generated text as a point of confusion for users (Mylrea &
Robinson, 2023; Weisz et al., 2024; Venkit et al., 2024; Lee et al., 2024). We make two practical

ABSTRACT
recommendations that can help users of LLM-based systems get the most out of their exchanges.

Large Language Models (LLMs) are conversational interfaces. As such, LLMs
have the potential to assist their users not only when they can fully specify the task
at hand, but also to help them define, explore, and refine what they need through
multi-turn conversational exchange. Although analysis of LLM conversation logs
has confirmed that underspecification occurs frequently in user instructions, LLM
evaluation has predominantly focused on the single-turn, fully-specified instruction

If time allows, try again. If a conversation with an LLM did not lead to expected outcomes, starting

setting. In this work, we perform large-scale simulation experiments to compare
LLM performance in single- and multi-turn settings. Our experiments confirm
that all the top open- and closed-weight LLMs we test exhibit significantly lower
performance in multi-turn conversations than single-turn, with an average drop of
39% across six generation tasks. Analysis of 200,000+ simulated conversations
decomposes the performance degradation into two components: a minor loss in

a new conversation that repeats the same information might yield significantly better outcomes than
continuing an ongoing conversation. This is because current LLMs can get lost in the conversation,
and our experiments show that persisting in a conversation with the model is ineffective. In addition,
since LLMs generate text with randomness, a new conversation may lead to improved outcomes.

aptitude and a significant increase in unreliability. We find that LLMs often make
assumptions in early turns and prematurely attempt to generate final solutions, on
which they overly rely. In simpler terms, we discover that when LLMs take a
wrong turn in a conversation, they get lost and do not recover.

Consolidate before retrying. Since LLMs are ineffective at dealing with information dispersed
across multiple turns, consolidating instruction requirements into a single instruction is an effective

strategy to improve the model’s aptitude and reliability (as shown by the CONCAT experiments).

T & e When a user notices that a model is lost in conversation, they can ask the LLM: “Please consolidate

IS e )& . . : o
= s everything I've told you so far,” then bring the response to a new conversation, alleviating the need

for manual consolidation. In practice, there is anecdotal evidence that early adopters of LLM-based
applications are aware that LLMs get lost in conversation. For example, users of the Cursor LLM-
based coding environment report that frequently creating new conversations “whenever they can”

0] 0 30 [ 50
Unreliability

Figure 1: Our simulated conversations for 6 generation tasks on the 15 LLMs observe a major
performance drop in multi-turn settings (-39%), explained by some loss in Aptitude, and large loss in
Reliability.
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Tip 3: use GPT 5.5 Pro as an ORACLE.

 When Codex / Claude code gets stuck, don’t keep prompting blindly.

- Package the current context:
- error logs
- relevant files
- failed attempts
- your goal

e Then ask GPT-5.5 Pro as an oracle:

= When stuck, analyze first. Do not randomly retry.

https://chatgpt.com/g/g-p-699199f9d1ac819183cb55e85b868769-gyeong-s-dance-project/c/69fa90c4-d0a8-83a2-b5f1-719097fdb487
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Some Tips

Some Tips

Tip 4: Prompts that | frequently use
1. Paper figure generation prompt

"""You are an expert Scientific Illustrator for top-tier Al conferences (NeurlPS/CVPR/ICML).
Your task is to generate a professional "lllustration" (main figure for the paper) basedona
research paper abstract and methodology.

**Abstract:**
{abstract}

**Methodology:**
{methodology}

**\/isual Style Requirements:**

1. **Style:** Flat vector illustration, clean lines, academic aesthetic. Similar to figuresin
DeepMind or OpenAl papers.

2. **Layout:** Organized flow (Left-to-Right, Top-to-Bottom, Circular and other shapes). Group
related components logically.

3. **Color Palette:** Professional pastel tones. White background.

4. **Text Rendering:** You MUST include legible text labels for key modules or equations
mentioned in the methodology (e.g., "Encoder", "Loss", "Transformer").

5. **Negative Constraints:** NO photorealistic photos, NO messy sketches, NO unreadable
text, NO 3D shading artifacts.

**Generation Instruction:**
Highlight the core novelty. Ensure the connection logic makes sense.

S0 VISION &
llQinT' SLAB

#Role
A2 MA x| +=Fo| g LA EY O|H YLt AFHH|H/SX|5 20F 2|2 2t2|(CVPR, NeurlPS, ICLR S)E #I%t
AEF A 023 =L 07[HH £A 27| S HESE Pt

212 9 Y HHLE, 28 78, HIOIH S52 0| 0|33t 7, D O[S E HY 22 WEXHQl &

~

ot

A
=

5te| 2 AEFA(MEH, BB, HIIH, 0|LL2|F)S HEA XE A
-ﬁgm&%ﬂ%a%aAEAa%z@@ﬂ,%mmwmme%EMﬂm

o | zoks X5H0 AU o% £A 032 SAlT 2
WEEA| A S AR TR 2R

b

ot
mjo

a2,

mA" E= REDR E0 A ALE.

SKILEA A M E =2 MM A D)0ILE XILEX A OfF 1 B2 M2 SX. Mo B/ e XH0|2 28 R¥ES =8 4.
3. L &/20|OFR:

-Olsiot M ES Wt RED GO/ SE S ER Bed AL

-ZEd ZeE fldl R0l n ZHATE HE Of0|22 BE0| MES ZEY AL
4. HAE ™

SEA Y BEHAES YO E 2.

-AHEO MM D E/AM0= HESD 97| 4|2 BHA S BIEA] 7L

SUEE, Y TEL ST AR EA LY A X HAEE B8 AHE0/0j0F 5t 2| HHS0| O,

5. 34l &=
-EED|H|AE AT = FX].
- KM ES AKX M FX].
-7 01310 ElAE FX].
- X7t 3D S G OtE|HE ZX|.

# InputMethodology
[O7]0] =2 X2 (Abs) + HH MM HHS 20 EoAN 8]

AR
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Tip 4: Prompts that | frequently use
1. Paper figure generation prompt

Stage 1: Canonical Four-View Generation

0 Text/ View Tokees T

i [ioea) (i (e [ |

Synthetic Training Data & Supervision

Serdared
Inthe-ik-Style
Ingut

HCamoicalvens |

Stage 2: Topology-Aware Animatable Reconstruction

Encoder

(ResNet/
Transformer)

Input: Stage 0: Stage 1: Stage 2: Stage 3: 0 d Text Final Output:
Raw video SAM3 Tracking World Body Hand & Face I tion-A A i Quality ExMD Samples
Recovery Fusion Refinement Filtering
RGB
RGB
RGB Keyframes
HaMeR
Reject RGB (Hands) Dancer count H
l ot
Clip Mining & INFERNO 30s RGB Video
Standardization (Face) (900 frames)
1 Shot
stabiity ﬁ\ il wav Audio
2 el Identity Association
Clip Mining & 8:‘ @ from SAM3 Masks > Structured
Standardization UG L Text
Temporally World-Grounded SAM3-based
Consistent SMPL-X Body Identity-Consistent * Reprojection Per-Person
Masks & Tracks Recovery Fusion o Jitter SMPLX
(1) (Mask:
S T + Collision Score parameters
Description * Hand/Face M Validity Mask
Full SMPLX ’ Validity QI Yalidiy Masks
wsoag&o;:g;d (Body + Hands + Face) +Aremp Liemp 2 aeo':g Ml (hand, face)
« Formation
* Gestures Rejected
+ Relations samples out
LoRA Exposure Coarse BEV Stage
input (HDR Prediction - Sec. 3.3) (Proposal Generation)
LDR Photo Monocular

Fine BEV Stage
(Refinement)

(Street)

nog/or

Input Video
(2D Poses)

(DPCKNN)

Tokens
(fx)xC.f«F)

S60E08:600680000080

LDR Bal Feature Normalization Unified Loss T 2 »,
B0 (Domain-Adapive) (Class-Aware/Avallabilty) pumcxp (- L+ Sl <R} Poses
LoRA Exposure Bracketing Estimated HOR Optional Depth ory Ful-Length
(HDR Prediction - Sec. 3.3) Environment Map (LIDAR) Unified Domain Alignment (Losses) Attention(Q, K, V) = Softmax (7) v (;m )

5

&
SLAB

65
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Tip 4: Prompts that | frequently use

2. Paper reviewer prompt

#Role
g2 AAa Hetd o2 LT AIL|0 o= 2| RO YL CL AR EIS 242 a0 A 7|EE2 H L Ao, O|2 WUl A AT =2 Yatd BF |0 £F S WESt= ARE SHAF|= AO|EF | IS AL O
#Task

Wt LZESH [POF=2 Y] 2 4

)
no
k=
AT
1x
rot
4n

XN (R =] E7/E22 YAoK T AEHQ 2|7 2| ZEE X3 FMR.

# Constraints
1LEREEHRE):

L7127 RO reject HEOIM AALSHE], =2 0] YHO| FES| M52 IS R BEIS MR,
SEAIE A R ol0| gl AR Mo D S HEE B2 KK 2. SEE KALS 7|# Shs 20| OtLl 2t reject® R 4 Uk X YHE &= UYL

2. 84 XA
-SEY AT ST OfL H HEE T 10t 37(}3}”4 Yt X HstM .
-2 ot TOHO| =2 RlETb? A HI LT 780l 7l (Baseline S&)? ablation O] A =& S HO| S=28t7t?
-2 MBI 7|0 FHES0| M MHoM R Z HBSEET}
.84 a7
-E2 U8 3K 2u a|S MUY s AHE BHoR RSN R

4. 8 YAl
- Part 1 [The Review Report]: 2 K| top-conference 2| F X & ZHd (Bt=0{ AtE), Ot &= 23,

*Summary: =& M ot 25 Q0F,

*Strengths: &K 7HA| = 7|10 1~27 29F.

*Weaknesses (Critical): 5A| rejectZ O] & = L= XY EH| 3~574 & BLEA| M A|(O]: A Baseline 24X, ®l2| =2 2%, at= 3
* Rating: 0f| & B =(1~108, Top 5%+ 87X 0| 4).

- Part 2 [Strategic Advice]: X XIS 2|ot ot=0] 7478 ™ &f.

* B4l 2191: part 12| Critical Weaknesses 7t off U =X| o022 HH,

**'°H 7f0| ;0| M2 225t O|H =2| & ChA| MOFSIH 2RO 34 7tsMd2 O{EAH LEX| 7A| HAl

- -?—| 'ﬂ:- i 9|9| F7t izt S=oHX] OMM| 2.

-_

ZZh.

# Execution Protocol
F2 8 a0t 8

1. 0| =7t H 2 2 AUGHK| @272 JE* CHH 2ot MY ZNE CHA| AESHD E E7122 HES MASHA 2.
2. X|H0| —T‘HI"*OWH “HH 0| £Z5ICE 7} OFL 2 “ImageNetOf| M2 2744 HE 0| AT A B M OF L Ct.

#Input
UEEStpdf HEE 7|FECE BMG| FHR. FL SHE[07(0] S8 &3 =, 0f: ICML 2026]

AR
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Tip 4: Prompts that | frequently use
2. Paper reviewer prompt

Part 1 [The Review Report] Rating:

Summary: 3/10
2 =22 B in-the-wild 52 O|0|X|25E], cancnical four-view 4441t SMAL-topology-aligned Gaussian
decodingE Z%l5l animatable 3D animal avatarE S25ZCH= 2-stage feed-forward Z|YLIAE H|ot5iCt. &7l YHEH2HH reject Z0|Ct 28| MH2 E0|§X|T, HS0| LB BE=5] A R 20| =X A|ZHE olAo| o|=

EEESESEED) GRS SICh Ctat CV4Animals 3% 4HO|X| RIHS ZhotstH, AM#nt iEI o2 HZ% AL borderline”tXl=
Strengths: =& Xl Ut
71E ojo| Rl RE2 2A| 83 XIACL 7|1E 58 1327} HIC|L 7]gto] ALt £t o|0|X|2t= static shapefpose
FHO| HRE27L}, £ Zof| Ag$tzl= Z27t BrH= M8 12{51H, “single-image animatable animal Part 2 [Strateglc AdVICE]
reconstruction in the wild"E FH0| L{M|2 24| Heol= 23S 2HoME S&35| el B 2 ULt 531
canonical-view generation22 under-constrained monocular input2 A z{7H Z5ts SO H O|F ol . N

IXO{ - J|n uy g le) o —
SMAL-topology®il 2=l Gaussian representation22 animatabilityS &=235}1ZICH=s FA| A 22 =2|xoz MEA EU=71"2L} “0EH HOolA =77t &M Ch= FHoIck. &, =2| &=
L oate|of Holct, (O _Cv4Animals_2026__ADOL (4) ([ _CV4Animals_2026_ADOL (4) () _CV4Animals_2026__ADOL (4) == w27 tx| 28}, smgle |mage animatable reconstructionO|2t= 022 2
x| At M| 7HX|I2 a5 SHslof i) - 0] Al% =

IE 5iLte| 7kR| Q1= 7|04 representation bias= animatability Z2 2 2514 71 Z0|C}. UV-space canonical 28t Ml 7HXIE Z2{3 SHHOF BtCt. 3M, canonical-view generation0| M2 ambiguityS S
fusion} SMAL anchor 7|8 Gaussian decoding® S3f, 22 3D primitive ZIE0| otL|2 articulated body =7k EI‘H. topology-aware Gaussian design0| &= animatabilityS ==t 4M, synthetic training0| real
prior0f| ZEE RS MAFCH= M2 Q2% 0 2 EtEl5IC) X0 = "2 single-image output0] 0|% reposeabled in-the-wild image0ll ¥Et5tz[=71 20| #xf 211= 0] A2 5 HOf| 20 "HA| A|ARIO| AIZ}= o2 ¢ FCH o
Sl =it Gl e e e st AR s i ek Rkt SiCh J2iA 2150 RIS ol 2t @47t AF| 7|0{QIX|, OILIH generator prior7t CHEES HT Y=X| BHEHE

[ _CVaAnimals_2026__ADOL (4) (3 _CV4Animals_2026__ADOL (4) .
<= giCh.

Weaknesses (Critical):

kst KRRl SR, =20| 251 A Al 7|0iS0| AETo R Ho| HEE|X| YUCH= HoICh =22 “more IE CHE Y212 claim calibration ATiCt 220|AE “higher-quality controllable reconstructions”, “more stable

faithful novel-view svnthesiS"EP “more stable downstream animation”S FZ3x|2t, HF MMojjAl= 2 2t downstream animation”, “new setting"”, “three-fold contributions"A& Z3t 2&2 A% M0, 0|18 SEHESHE
I oF Al AAD "2} a3 [ Halo|w . ..

7F X3 BIAIEIX| g1, MX[0] XXF AAZ “primarily present qualitative results"2t1 83ICt. 0|= CVPR £3/2|= 742X evidence”t 2ICt. 0| ZS top-conference AEFY 2|H0| M= KIHAZA “overclaiming” @2 IFICt A&

E2 CV4Animals $13& 7|1Z0|M < 0§12 FefsiCt £35] animatable reconstructionS F&512A animation _ _
O|2t= O}=tZ[X|CH X|22 OF0|C|0 X}A|ECH B Z&o| MX HOo|= AeHCH M2k 7iE e sl dHH S O 2E61A| Bf
stability, pose transfer consistency, geometry fidelity, silhouette loU, LPIPS/PSNR/SSIM, keypoint/mesh- e e toIEio] XERI=CE Mol 2ol 1 li= BT MH2HM 71 2] #ae YHE O ST

based error 22 &A8to| ok X BxA| QICHY, BIR| Yk AHA “FoL HOICH O|M2] SHE H|Zsix| Rt S 20| ofLlzt, =& ZEE F0|1, 7ME 453 e AE 0 YIEH MlSE Zolct.
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Tip 4: Prompts that | frequently use
3. Paper summary prompt

You are my research reading assistant for ComputerVision/ Al papers.

I willupload a PDF paper. Read it carefully and summarize it for me in a way that helps me understand, critique, and reuse the paper for

my own research.

Important rules:

- Do not hallucinate. If something is unclear or not stated in the paper, say “not specified.”
- Prefer concrete details over vague praise.

- Use page/section references when useful.

- Explain technicalideas slowly and structurally.

-Assume | am an Al/CV PhD student, so you can use technical terms, but define paper-specific conceptsclearly.

Outputformat:

#1.0ne-Line Summary
Summarize the paper in one sentence.

#2.BigPicture

- What problem is this paper solving?
- Why does this problem matter?

- What is the core idea?

# 3. Main Contributions

Listthe claimed contributions.

For each contribution, explain:

- What exactly isnew?

- Why it is useful?

- Whether it feels truly novel or mostly engineering/integration.

# 4. Method Summary

Explain the method step by step:
1.Input

2. Main pipeline

3. Key modules

4.Losses/ objectives

5. Output

S0 VISION &
RO@OT SLAB

Create arealistic one-page Korean handwritte n study note image summarizingthe uploaded research paper.

Style:

- Looks like a real handwritten lecture note on clean off-white paper

- Korean handwriting, neat but natural, not perfectly typed

- Dense academic study-note layout

- Use blackpen as the main writing

- Use colored pens/highlighters: blue, red, green, purple

- Add hand-drawn boxes, arrows, underlines, small diagrams, tables, and margin notes
- Make it look like | really studied the paper carefully

- One full page only, vertical A4 notebook scan

- No paragraphs; use short bullet points and section blocks

- Use mixed Korean + technical English terms naturally

- Avoid fake random text; all text should be meaningful and related to the paper
- Text should be legible and visually organized

Content layout:
Title at top:
"[PAPERTITLE] =2 H 2|

Sections:

=25z Qo

2x "ol o et
Core Idea/Contribution
Method Pipeline

ol Al == Al / Representation

CONOO AWM=

L7} S ot 22 QMO E

Visual elements:

- Draw a simple pipeline diagram in the center/right side

- Include small equations in boxed areas

- Include one small comparison table for experiments

- Include check marks beside personal insights

- Highlight the mostimportant contribution in red or blue

- Add arrows showing input > model - output

- Use Korean labels suchas “Si&l" «Z Q" «L}j MZt" “Contribution”

Tone:

- Looks like a PhD student’s personal paper-review note

- Practical, research-oriented, not promotional

- Emphasize contribution and what | learned

- Make the page aesthetically pleasing and information-dense

G55
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Tip 4: Prompts that | frequently use
3. Paper summary prompt

“ Online HMR : Real-Time World-Grounded Human Mesh Recovery CVPR 2025 UF0-4D: Unposed Feedforward 4D Reconstruction from Two Images 2024.05.20 H2l Black—Scholes Model ($-42 23) 10:4,0;2;(;)
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Mt = st L 0| R N e A LT T L T ¢ tometic sk doe s A (52 b 81) 1es i e PN IGS Tl en= nk r (2 s-v)de .
« 3l key/me®t 4% (1t) A = clump(Bty, 220 orw | sos [ 286 440 | - 137 | e o point /motion loss?t 43 Y - 32 + £54 Y4 %L, Co4D 1.487 0.153 12.33 ovT-t £ 4% X% Black-Scholes PDE¥ ¥teh.
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Tip 5: Use/Make Skills

skill = BH5 promptE “Z{ AL 7}5 %t agent operating manual”2 I 7| &

Messages
= O anthropics / skills

<> Code (O Issues 221 i Pull requests 586 &y Agents  U) Discussions () Actions () Security and quality |~ Insights

(@ On April 24 we'll start using GitHub Copilot interaction data for Al model training unless you opt out. Review this update and manage your preferences in your GitHub account settings.

Agent Skills

B skills Fubic ©watch 853 « %

#¥ main ~ ¥ 14 Branches > 0 Tags Q Goto file T Add file ~

®

& rlancemartin Remove non-existent purpose field from Files AP| examples (#1081) e» d230a6d - 3 days ago YY) 32 Commits Why use Skills
. . on i ble, fil ) -ba SOur rovide CI. ith d = fi rtise: fl 5
claude-plugin Add claude-api skill (#515) 2 months ago Skills are reusable, fi es.yatem based resources that provide Claude with con?a\‘n specific expertise: workflows,
context, and best practices that transform general-purpose agents into specialists. Unlike prompts
. . . . i B ion- r s for one-off tas Ils load on-demand and eli ate the need to repeated|
skills Remove non-existent purpose field from Files APl example.. 3 days ago Skills ions for one-off tasks) s load on-demand and eliminate the need to repeatedly
. p 0 ame guida ro! JItiple conversations.
Overview -
spec Add link to Agent Skills specification website (#160) 5 months ago Key benefits:
kstart
e Specialize Claude: Tailor capabilities for domain-specific tasks
template Move example skills into dedicated folder and create mini... 5 months ago practices s
* Reduce repetition: Create once, use automatically
.gitignore Add link to Agent Skills specification website (#160) 5 menths ago ’ ORI ¢ Compose capabilities: Combine Skills to build complex workflows
in the API
README.md Add link to Agent Skills specification website (#160) 5 months ago
THIRD_PARTY_NOTICES.md Add 3rd Party notices (#4) 7 months ago
71 README

4

Using Skills

Anthropic provides pre-built Agent Skills for common document tasks (PowerPoint, Excel, Word, PDF), and you
3 can create your own custom Skills. Both work the same v
I your request.

y. Claude automatically uses them when relevant to

Pre-built Agent Skills are available to all users on claude.ai and via the Claude API. See the Available Skills

anthropics/skills
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https://github.com/anthropics/skills/blob/main/skills/pptx/SKILL.md
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= O Threedv / intent-contract Q Typ

<> Code (O Issues I Pullrequests &> Agents (O Actions [ Projects [0 wiki (D Security and quality |~ Insights €3 Settings

() On April 24 we'll start using GitHub Copilot interaction data for Al model training unless you opt out. Review this update and manage your preferences in your GitHub accoul

@ intent-contract ublic £ Pin | @ Watch 0 ~
¥ main - ¥ 1Branch © 0 Tags Q Gotofile T Add file ~ o <> Code ~
@ Threedv Add attribution section to README 9fb030a - 3 hours ago ) 2 Commits

I references Add intent contract skill last week
[ README.md Add attribution section to README 3 hours ago
[ sKILL.md Add intent contract skill last week
00 README A=

Intent Contract Skill

intent-contract is a Codex skill for turning an early request into a compact implementation, evaluation, writing, or
handoff contract. It is designed for moments when the user wants the assistant to clarify intent before producing
final work.

The skill enforces one important rule: the assistant must not output the final # Intent Contract: until the user
has sent at least three messages in the current intent-contract interaction, unless the user explicitly says to skip
clarification and write the contract immediately.

What It Does

« Restates the user's request and asks material clarifying questions.
« Tracks the interaction through a three-message minimum protocol.

« Separates facts from assumbtions and user decisions.

Threedv/intent-contract

S0 VISION &
ﬂO@OT SLAB

« Converts vague intent into a structured task contract.

 Defines goal, scope, constraints, outputs, and validation

« Makes agentic coding more reliable, reproducible, and
easier to review.

urisT l‘.“'." https://github.com/Threedv/intent-contract
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0l A transformer2 Ht ¥ F .

A gtelsM X 2O ofclol oo YK HASUC. O/H A /EFH AAR RO HFEXNE Y
A 22 Y2 Transformer 7|4t F o2 HRAGUC.

Explored
README*
rg —-files

status short

AEE git HFA7 okl 3, ok2f M@ Ol0X 7 YoM ZE WY YFE F EASUC. 8 HIAXAE OF
4 7E 2942 AEgz 24

Explored
*.py 5
README.md, pyproject.toml
CNN|cnn|model |Module | torch|checkpoint|train|predict|gaze|Simple|Spatial|transformer
models.py, train.py, preprocess.py, evaluate.py, run_inference.py

o mol=atel HME 2ol 97 YEH, AIYUE AY of 2 viT AEHY
8y 248 of 7t% ZBEUCH. &g /FIH/dAYL FELR2 Haxe 22 Iz SAEA ¢2F
s#AeU

Explored
crop.py, dataset.py, README.md, requirements.txt

OfX meg +FsAgUC. 7 2 H R 1, 7] E CNN/torchvision 2 @2 M¥X2 A
I3z

7NE A PES Y 882

Edited gaze_tracker/models.py (
from typing import Tuple

from torch import nn
from torch.nn import functional as F

MODEL_CHOICES =
“simple_transformer",
"simple_cnn"
"simple_spatial_cnn"
“mobilenet_v3_small",
"mobilenet_v3_large",
“"efficientnet_be"
"resnetig"

w/o the skill

s XF
=

« ¥ CIOIE MR g o9 o0 XE ges
A ol
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0l 4 transformer2 Ht ¥ & .

intent-contract 24U & MEH A, 21X 23 HAE FAsUC. AT AAME H2 38 AS8K% AX oL 2y
% & AsLC.

» Explored

SKILL.md (intent-contract skill)

dx 232 “0| Z2HME/2YSE Transformer 7| I Z2 o7 8 I8 Y FYorea"z osf¥aLict.
gl A e PHFAR.

Transformer2 HtE 42 2AA727 0 : gaze 2H T, CNN backbone Ol ¥ temporal head, & & mo|Zatel, £
e

ode of NNAZ ErQ?0: X
REE HE%E AMANL, HAT

3 A4 eye crop, landmark HE AN A, 0|0 X| feature Al N A .
2 RxeAGe, oflY IE Fx JYBANR?

Turn status: 1/3
1. 8%, 2. 010X feature AlRA 3. HUE M

0| O X] feature Al ¥ £ 7] g Transformer2 T @sts YY22 FHAGUD. 7/&E 728 FA A M AN
Aol T8 Yol 3 JIE0 REHO ALY U HIE=F HAaU.

Explored
1s
rg --files

L E o 7| x| o ' 401, HaZdE/HYI H4BBE 00 HIE
guct. ofFM dX ¥ HoEAM AEHO AR SASAGLCH.

Explored
models.py, dataset.py, train.py, evaluate.py

1, 292 ¢ oo xolA & gL, “feature Al ¥
A M@ HOoE MO AL crop REE O E L, CNN encoder?t 2 Z & o featurel® ® 2 F Transformer encoder?t AlzZt

PEE #XE YE RA2-EUC.

» Explored

run_inference.py, preprocess.py, README.md
model|simple_cnn|simple_spatial|mobilenet|sequence|checkpoint|normalization gaze_tracker

DY $aEJt 2D READMEY 7|18 +FE BYY o3 DY HIFEUL. AJMoHE o
B2 MIYste UBE YWY BY22 FE & AsU .

Ran head -5 data/sessions/smoke_synthetic/samples.csv

5 data/sessions/session_20260426_152310/samples.csv

w/ the skill

IJEEE

32



Takeaways — &
Takeaways ROBOTIOSLAE

Summary

* LLMs work through tokens and context.

« Good agentic coding starts with good context packaging.
« Validate ideas before asking agents to implement.

« Use Plan Mode and verification loops.

« Build reusable prompts and skills as research assets (Make your own skills and share!).

WUrisT % @ %
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Q&A / Discussion
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Thank You!
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Appendix

Appendix

Openclaw

Search the second brain

Bob LLM Wiki

Home
- Start here
What changed in this unified version
- Primary browse path
- Core sections
Infrastructure & access
System index
AGENTS
Log
Vault map
Imported backfill notes
Identity
Bob operating manual
Bob response style
Values and mottos
Identity and values
Timeline 2023-2026
Research
Current research map
Avatar reconstruction reference map
Research and career trajectory

Portfolio

My wikipedia

S0 VISION &
RO@OT SLAB

Bob LLM Wiki

This is Bob's canonical second-brain wiki.

The existing sectioned LLM Wiki remains the home base, and the high-signal backfill from

everything lives in one markdown-first place.

Start here

System index

Bob profile

Identity and values
Research overview
Research and career trajectory

Patterns and operating system

English system

What changed in this unified version

The original LLM Wiki/ section structure is still the canonical home.

Home System Identity Research

has been merged into the same vault s¢

The synthesized backfill from docs/bob/ was imperted into the matching wiki sections instead of kept as a separate island.

A Docsify markdown web view was added so the wiki can be browsed from markdown directly.

Legacy generated site/* html outputwas left in place for compatibility, but it is no longer the preferred browse path.

Primary browse path

Open the wiki through Docsify:

Local landing doc: Infrastructure and access

IJEEE
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