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Al Coding = ?

5 YQ@ @yg_acc - Mar13

ETH2030: The Part
Nobody Talks About

ETH2030 After 3 Weeks: The Part Nobody Talks About

We published ETH2030.com on Feb 24 — a reference implementation of the
entire Ethereum L1 Strawmap, from Glamsterdam through 2030, in 6 days with
Claude. 702K lines of Go. 65/65 roadmap...

https://x.com/yq acc/status/20323779107332591417?s=20



https://x.com/yq_acc/status/2032377910733259141?s=20

Al Coding = knowledge + ops

o ® 29% — Cross-component (agent sees one module at a time)
20%
@ 19% — State lifecycle (no model for 10K iterations)
What's in the spec
ey, S 3 ;
EIP text, Strawmap items, CONSensus specs 1 17 ® 15% Fork rules (EIPs applied in isolation, not composed)
@ 13% — Concurrency (sequential logic, misses races)
BUGS FIXED
F E I ou 5 ROVIDI
@ 12% — Protocol compat (Geth/Lighthouse undocumented behavior)
@ 9% — Gas pricing (18+ EIPs, wrong era's formula)
80% . |
o B 3% — Tests that tested wrong behavior

Expert knowledge the Al doesn't have

Which fields Geth includes in the block hash (not in any spec)
How Lighthouse orders Engine API response fields

What gas values break Kurtosis devnet consensus ¢ KI"I OWledge & ViSiOh |S the k| ng
Which 18 EIPs interact in Glamsterdam repricing

How EIP-7706 composes with EIP-1559 and EIP-4844
The L1 Strawmap itself (published Feb 25, not in training data) ° DeV OpS + data OpS are the kn |ght
Lock contention patterns in concurrent block processing

Memory growth curves under real P2P transaction load

* Al codingis the pawn



Agenda

 Areal case from Prof. Dianbo Liu
* Data operations

* ML Operations = dev operations + data operations
* Concepts & product goals

Design choices: the data cascade & models

Deployment & operation
Monitoring & Analytics

Some tooling in production



Prof. Dianbo’s sharing (data operations)

Define the data in medical scenarios

How data is generated

How data is managed

How models are trained

How labeling & evaluation is done



Agenda

e Areal case from Prof. Dianbo Liu
* Data operations

* ML Operations = dev operations + data operations
* Concepts & product goals

Design choices: the data cascade & models

Deployment & operation
Monitoring & Analytics

Some tooling in production



A transformer model might boost accuracy by 1%,
but increase cost by 100%. Is it worth it?



Data Ingestion A

Operating updates
introduce unseen
failure modes.

Great models # reliable services

UX Correction Flows A

Offline metrics

ignore UX correction
flows.

Model

99%
Accuracy

A4

Latency Budgets A

Accuracy does not
solve end-user
latency.

A A
U

P o oo eo-

Compute Cost £\

Inference efficiency
dominates cloud
compute costs.

v




Dev ops lifecycle

* System loop: define goals and
outcomes before writing code.

* Ops loop: instrument the system to
monitor, detect, and respond to drift

* Governance loop: enforce
responsibility, lineage, and trust
through tooling

Ops Loop

System Loop
Governance Loop

GOALS m)p RISKS =) TESTS =) DEPLOY = MONITOR

Build-and-Run Checklist




Behavioral testing with checklist

* We lack a perfect mechanism to
assert exact outputs for unseen
iInputs.

* |nstead, test behavioral invariants,
not just aggregate metrics.

The Oracle Problem

Input A

Exact Expected
Output B

The Solution: CheckList Capability Matrix

Vocabulary Robustness Fairness
V, Adding typos to a Changing user gender
Invariance Checklist item... | movie search should | profile should not
not change the top alter action movie
result. recommendations.
Directional v v v
Expectation Checklist item... Checklist item... Checklist item...
Minimum v v v

Functionality

Checklist item...

Checklist item...

Checklist item...




Handling ambiguity & planning for mistakes

* Requirements in ML rely on assumptions. When the world
changes, the machine fails silently.

' User Cancels ||

| Subscription ||
* Predict the failure before writing code —
Boredom | I Offense
(| Lack of Variety‘h ‘ Inapa;;griate i<
Over-optimization DataEk?gﬁling
|| (Feedback Loop) |




ML ops testing with checklist

* Data tests
* Feature monitoring, data quality checks, schema validation

* Model tests
* Versioning, reproducibility, fairness analysis

* Infra tests
* Rollback capability, load testing, deployment validation

* Monitoring tests
* Drifts alerts, anomaly detection, latency tracking



The movie recommendation engine

Goal: Predict the
next watch.

Constraint: 50ms
latency, 10M users.

Reality: Tastes drift,
data is messy.

Data
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Where does the intelligence live?

Batch (Offline) . Real-time (Online). Edge (On-Device).

< > X , ¢ | | | ,
[ (i _eeo] o e < i =0
I ooo] - 1 e
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Data infra trade-offs

Batch Architecture

Stream Processing (Kafka)

Lambda Architecture

Pre-compute
recommendations nightly.

Low risk, high latency.

Blind to intraday user
trends.

Update features in near-
real-time based on live
clicks.

High infrastructure cost.

Requires rigorous schema
event retention.

DD
{|
[

\e >

Blends offline batch and
online stream.

Highest complexity.

Requires careful
separation to avoid
training-serving skew.



Data cascades: garbage in, disaster out

* Upstream data issues compound into downstream product failures.

The Source 0 The Flow 0 The Crash

Poorly labeled

genre tags Systemic
: i /

2D A Training Bk

ad
- \\\ Data Noise \ \
c 0 iy ” %
\ - @ : = W ,
/




Canary releases: limiting the blast radius

* Deploy code # release feature. Rollout slowly and rollback instantly.

Deployment Ladder

Canary Splits

Shadow Mode

Offline Evaluation

Canary Traffic Split

95% W
= Existing Model (Control) l
—>|  New Model (Canary) l
Automated Rollback Signals

100% User
Traffic

Limit the blast radius of bad changes. Pin dependencies in containerized environments to eliminate “works on my
machine” drift, and enforce trustworthy online controlled experiments.




Drift: the only constant

Covariate Drift Concept Drift

27N - - Drifted
, distribution

\ A AA
\ ®
\ A A
} A
\
\ ¢ A Baseline
'~ e . o \* Decision
_____ _— 5 ° - Boundary
1 1 1 1 1 1 | 1 1 1 1 1 1 1 1 ” @
1 | ) | | 1 ! ! | | | | | ! | > 7
TIME LINE
The distribution of input features changes over time The underlying relationship between features and the
(e.g., users shift from desktop to mobile viewing). target changes (e.g., a global pandemic changes

entertainment preferences).



Observability: telemetry doesn't come free

* Watch for silent failures where the system returns OK but serves garbage.

System Health ML Health
Latency IBM Plex Mono Covariate drift IBM Plex Mono
100ms 40000 M Training
100ms 30000 adl Serving
‘ 20000
100ms 10000
0 0
08:00 0510 0520 08:30 0530 06:20  08:30 Training Positocs Serving
Error Rates IBM Plex Mono Concept drift IBM Plex Sans
1.0% ‘
0.5% A ‘ ’ Stv
0.0% - ‘
08:00 0510 06:20 06:20 08:30 06:20  08:30 92%
Compute Cost IBM Plex Mono Data schema errors
400K ‘ ?
200K /
0
08:00 06:10 06:20 06:20 06:30 06:20  08:30 ‘ 0




ML ops lifecycle

* Versioning: code, data, configs, models

* Environment: pin dependenciesin
containerized environments

* Provenance and lineage are
engineering artifacts

* Automating tests: promote tested
artifacts through automated gates

Lineage Graph
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Some sample tools

* Coding: Claude Code & OpenAl Codex
* Github: dev ops (CI/CD/CT)

* Infra: docker & Kubernetes as the
scalable foundation

¢ Modeling: Weights & Biases and Mlflow
track, version, and manage the model

* Orchestration: Apache Airflow moves
the data and triggers the jobs.

* Observability: Evidently watches the
output, feeding insights back into the
loop for continuous retraining

MODELING &
EXPERIMENTATION ==

m (W&B, MLflow) @

OBSERVABILITY &
MONITORING

(Ewdently l

ORCHESTRATION

(Apache Airflow)
(o]

INFRASTRUCTURE
Docker/Kas

&




Claude Code & OpenAl Codex

e Stro ng codi ng age Nnts () Competitive Analysis — claude TMPDIR=/var/folders/5f/70kn69mdOksftmlO...

Last login: Mon Oct 20 12:25:46 on ttys@21 =]
(1lm-evals-3.13) ttorres@PTeresas-Mini ~ % cd Documents/Competitive\ Analysis
(1lm-evals-3.13) ttorres@PTeresas-Mini Competitive Analysis % claude

* Butdifferent people + Al coding = 10- i

1000x speedup. What makes a "o

different includes > hi claude
o ViSion ® Hi Teresa! How can I help you today?
 Architecture > 1

* Ops, Ops, Ops!

(dev ops + data ops = ml ops)




Github (you often forget)

.
= O mlsys-io | PortfolioBench Q 8 6~ +~-OQ I 8 B8

* Critical tool for Al coding to
help you reach 100x+

<> Code (© Issues 7 Pullrequests &> Agents (®) Actions [ Projects @ Security |~ Insights 8% Settings

Actions m All workflows Q. Filter workflow runs

Showing runs from all workflows
I All workflows

* Versioning & teaming: you should be A 199 workflow runs
- . . uto Tes
familiar with this
Benchmark Report Event v  Status ¥  Branch v  Actor ~
Deploy static content t... Disabled
e CI/CD: bLHld, teSt, deploy, release © Benchmark Report . B Mar 16,3:12PMGMT+8
Management Benchmark Report #17: Scheduled © 12m1s
€ caches
- CT: testing metrics beyond “just 7 Deploymens P | | @ Merme pulrequest 82 from . v 14 354 PUGMIS0
. uto lest+ Lommi pusne: ®3m 425
H » @ Attestations A by tiluvac
compiles Y tluyao
Runners
& Usage metrics 2 @ Merge pull request #62 from ... (2 Mar 14, 354 PM GMT+8
. _ Benchmark Report #16: Commit b540765 main G 2m 57 o
* Reporting: performance & feedbacks @ performance metrics pushed by tlyao

© Add comprehensive ... ) Mor 14, 3:54 PM GMT38

Auto Test #174: Pull request claude/backtesting-test-cas.. G) s 37
m 37s
#62 opened by tjluyao




Docker & Kubernetes

* Automates deployment, failure
handling, scales resources
dynamically

* Handles heterogeneity

* QOur short tutorial will be built
upon dockers

The Challenge: “It works on my machine.” ML models
often break in production due to environment
discrepancies, and manually managing complex
multi-container apps is impossible at scale.

Guarantees 100%
environment consistency

~

Kubernetes (K8s)




Weights and bias

* Adevelopertool for centralized

Runs (107)

experiment tracking away from =

scattered notes and local files

* Allow ML researchers/
engineers to easily log metrics
during training, optimize
hyperparameters, visualize
models and collaborate

® MName

® 50K examples (b 64)

& @ rmsprop 2GPU

= @ 4GPU,b32,e50

L} new_cluster

® @ batch 128 1 GPU

© @ batch321GPU

© @ batch 64 1GPU

= @ batch 64 (v2, 5K train)

© @ batch 256 1 GPU

C & gpu rmsprop 64 e 50

# @ 8gpurmsprop b 128 & 50
& @ 8gpurmsprop b 256 & 50
& @ 28gpurmsprop b512e50
& @ 4GPU,b64,e25

& @ 4GPU,b256,225

My Workspace i

State

finished

finished

finished

finished

finished

finished

finished

finished

finished

finished

finished

finished

finished

finished

finished

Tags

1GPU

gpu and batch

1GPU GCP

1GPU GCP

1GFU GCP

AGPU b_&4,

1GPU GCP

BGPU 10K

BGPU 10K

BGPU 10K

BGPU 10K

gou and bateh

g and batch

acc

0.4042

0.4364

0.6129

0.4525

0.4225

0.4123

0.4465

0.4343

0.3892

0.6094

0.6841

0.6244

0.5225

0.5337

0.4397

Hyperparameter Optimization 2

Runtime =

_teny_layers lioess val_aee

1d Th 56m 5s

12h 38m 0s

12h 34m 43s

12h 31m 23s

5h 39m 20s

5h38m 31s

5h 38m 30s

5h 36m 555 Parameter importance with respect to val_acc N
5h 32m 38s > = <'3:‘ Parameters 5
4h 42m 20s Config parameter Importance — Correlation
4h 3Tm 225 optimizer.value_NAN L C——/
4h 31m 555 epochs | =

batch_size 1 [ ]

4h 24m 455
i N

g

Ik ETm AT
1-50~ of 56

ELE T Panel Section 4




MLflow

* Anintegrated server for
experiment tracking, model
registries, versioning, and
monitoring.

e Qur short tutorial will be built
upon MLflow

mlflow

Tracking Server

m,&@

Parameters  Metrics Artifacts

Metadata Models

e

mlflow
Model Registry
® ®
Data Scientists Deployment Engineers
C N /- )
& 2 w2

Reviewers + CI/CD Tools

/)ownstream
\tomated Jobs

REST Servmg




Apache Airflow

* An open-source platform to
programmatically author, schedule
and monitor workflows

* Replaces silent pipeline failures
and manual cron jobs with reliable,
code-based orchestration

* Mange complex data engineering
pipelines, feature extraction tasks,
and batch inference jobs via DAGs

Dag
‘toy_chain_linear_vs_chain_complex
o e

end_chain_linear_1
start_chain
start_chain__1
start_chain_linear
chain_linear_t0
chain_linear_t1
chain_linear_t2
chain_linear_t3
chain_linear_t4
chain_linear_t5
chain_linear_t6
chain_linear_t7
chain_linear_t8
chain_linear_tg
chain_t10
chain_t11
empty_1
end_chain_linear
chain_t12
chain_t13
chain_t14
chain_t15
chain_t16
chain_t17
empty_2
chain_t18
chain_t19
end_chain

Options v

cnooooGoee
L1
onoooooooe
cnocoocooe
111 (1]
onoooooooe
cnocoocooe
111 (1]
oooooooooe
cnocoocooe
L1
GHoOOOOO00
cnocoocooe
L1
GHoOOOOO00
onocoooooe
onoooooooe
L1
onooooEOae
L dolelol o1
ol delelodo 11
oncoooEEee
L dolelol- o 11
ol delelodo 11
ol deleloT-Jo -1
ol lo- o 11
ool loto -1
ouocooooOOe

]

Q, searchDags *+K

T2 toy_chain_linear_vs_chain_complex @D [@ Reparse Dag

Schedule Latest Run Next Run Owner Tags Latest Dag Version
2025-04-21,13:11:117 Q airflow © chain(), dependency_functions, core, , +2 more vl
Overview Runs  Tasks Events Code  Details
B Last24 hours v 2025-04-20, 13:11:58 - 2025-04-21, 13:11:58

© Failed Tasks / © Failed Runs /

Last 14 Dag Runs

®

=

o

a0
50824
50 P

2 Duration (seconds)

39
s 0a 2 o

202
Run After

Recent Failed Task Logs Wrap

@ empty_12025-04-21, 13:11:09 e View full logs

4 [2025-84-21, 13:11:13] ERROR - Task failed with exception: source="task'
+ Exception: Random failure
File "/opt/airflow/task-sdk/src/airflow/sdk/execution_time/task_runner.py”, line 825 in run
File "/opt/airtlow/task-sdk/src/airflow/sdk/execution_time/task_runner.py”, Lline 1888 in _execute_task

Fila innt fairfmetbackaedl /eer iairflmilcdk /hacas fanaratnr nut 1ine AGL in urannar
@ empty 1 2025-04-21, 13:10:57 e View full logs

4 [2025-94-21, 13:11:00] ERROR - Task failed with exception: source="task
+ Exception: Random failure
File "/opt/airflow/task-sdk/src/airflow/sdk/execution_time/task_runner.py”, line 825 in run
File "/opt/airtlow/task-sdk/src/airflow/sdk/execution_time/task_runner.py”, line 1088 in _execute_task

Fila f/nnt fairf metbackasdl/arr inirflmiledk (hacas fanaratnr nut 1ine AR in wrannar
@ empty 1 2025-04-21, 13:10:56 e View full logs

4 [2025-04-21, 13:10:58] ERROR - Task failed with exception: source="task"
v Exception: Random failure
File "/opt/airtlow/task-sdk/src/airflow/sdk/execution_time/task_runner.py”, line 825 in run
File "/opt/airflow/task-sdk/src/airflow/sdk/execution_time/task_runner.py”, line 1088 in _execute_task

Fila "/nntfairflowitackacdl /cre/airflau/edi /hacas fanarator mt lina ABR in wranmar

‘emptyj 2025-04-21,13:10:53 ¢ View full logs

4 [2025-84-21, 13:10:57] ERROR - Task failed with exception: source="task
v Exception: Random failure
File "/opt/airtlow/task-sdk/src/airflow/sdk/execution_time/task_runner.py”, line 825 in run
File "/opt/airflow/task-sdk/src/airflow/sdk/execution_time/task_runner.py", Lline 1088 in _execute_task

Fila Uinntiairflauitack cilfcrriairflau/edl hacas fanaratar mut 1ina AG8 in wrannar




Evidently

* Evaluate, test & monitor ML models

Density

from validation to production,
through automated tests

0.6 - j DRIFT DETECTED
0.5 _ AN
Training / \
dul Distribution 11 ‘\ Production
. \ Distribution
[} \/
03} ¢
! \
! \
02} 4 2
! \
/ \
/ \
0.1F / \
7 \
/ \
0r < S
1 low = | 1 L - ——
-4 -3 -2 -1 0 1 2 3 4
Data Value

lll EV]DENT]T:YLOJ&! & Evidently Demo Org 2 ® elena@evidentlyai.com ‘ Logout ‘ Support O Docs
o Home [ Recipe chatbot
D
2,
From To
@ show in order Period -~ 04/09/2024 19:55 B - 04/09/2024 19:57 (]
Ow
@l Tests Hallucinations Denials Text Length Sentiment + [ Va
i= Regression Testing: Results over time - |
En
m  SUCCESS
WARNING
(] m FAIL
= ERROR
= __==
i I Y T

2024-09-04T19:57:10.688260 2024-09-04T19:57:23.028698 2024-09-04T19:57:34.022590 2024-09-04T19:57:43.555840




The production readiness checklist

Goal: metric defined & proxy gap analyzed?

Data: schema validated & lineage tracked?

Model: behavioral tests passed?

* Infra: canary deployment ready?

Ops: drift alerts & fallback mechanisms configured?

* Governance: fairness/bias audit completed?



Take home messages

* ML ops =dev ops + data ops
* Acritical toolin a successful product
* Al coding’s great helper

* ML Opsis a 3-body problem

* ML in productionis a continuous loop of
adaptation.

* Asyou canimagine, Al Ops is taking over

* Automate everything!!

* Don’t panic, before that happens, you are the king

_/ - The \

Governance )
//\?M \
@%

A

The System
Loop
D(;eof:{‘: =P Requirements
N ¢
e \ -
Evaluate Business
Outcomes

nalysis =P Guardrails ‘

) ’ .;:7 : ,\ /\‘//\\/ /r
\ \érn\ess Audit

\/
\/
s
Threat Modeling

The Ops Loop 4

Data _. CI/CD_, Canary| |
Ingesti(;\’ Train‘Deploy

"N\ Telemetry/Drift
Monitor

{3

Machine
Learning



Questions & comments?

https://PollEv.com/yaolu720



https://pollev.com/yaolu720
https://pollev.com/yaolu720
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