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EXECUTIVE SUMMARY

As we enter 2026, the landscape of Al engineering has shifted from
speculative prototyping to robust, industrial-grade systems development. The
commoditization of frontier intelligence has changed the unit economics of
software creation, forcing developers to look beyond raw model APIs. The
challenge is no longer about getting a model to output plausible text; it is
about building the robust scaffolding, context interfaces, and evaluation

harnesses required to make these systems deterministic, reliable, and secure.

This report is structured as a continuous journey through the modern Al
engineering stack, progressing from raw model capabilities to fully integrated

product ecosystems:

Part | — Grounding the Foundation: Establishing the raw capabilities of open
reasoning models and the engineered context required to make them reliable.
Part Il — Standardizing the Agent Architecture: Moving from ad-hoc agent
scripts to standardized connectivity protocols, reinforcement learning, and
rigorous evaluation.

Part lll — Automating Software Engineering: Redefining developer
workflows through autonomous execution fleets and highly customizable,
malleable coding partners.

Part IV — Reorganizing the Product Frontier: Restructuring organizations,
startup defensibility, and data pipelines around specialized multimodal
workflows.

By moving systematically through these layers, practitioners can transition
from brittle 'vibe-based' development to rigorous capability-to-reliability

engineering. As Ryan Lopopolo observed:

"Implementation is no longer the scarce resource of what it means to do

the job of software engineering. Code is free."



This report provides the blueprint for navigating this transition, equipping you
to build, deploy, and scale resilient Al systems in a world where intelligence

itself is a commodity.



PART

Part | — Grounding the Foundation

Establishing the raw capabilities of open reasoning models and the engineered

context required to make them reliable.

a Open Reasoning Models Commoditize
Intelligence

The gap between closed frontier labs and open-weight reasoning models

has evaporated

KEY INSIGHT

State-of-the-art reasoning, local execution, and rapid architectural
optimizations have democratized high-tier intelligence at a fraction of
2025's cost.

Late 2024 Early 2026
Proprietary Unsloth Dynamic
labs hold v2.0 GGUF &
monopoly on... GRPO enable...

©

THE COLLAPSE OF THE

O]

Christmas 2025
DeepSeek v3
trained for
$5.5M, ...

O ©

Mid 2026
MiniMax M2 &
10B open models
dominate edge...

PROPRIETARY INTELLIGENCE MOAT

Chronological progression showing how open-weight reasoning and architectural

optimizations democratized frontier-class intelligence.



The Evaporation of the Frontier Moat

In the rapidly evolving landscape of artificial intelligence, 2026 marks the definitive
collapse of the proprietary intelligence moat. Historically, developers were tethered to
closed-source APIs, constrained by heavy pricing, arbitrary rate limits, and the
unpredictable deprecation of frontier models. Today, that paradigm has shifted entirely.
The absolute dominance of closed-source labs has shattered as open-weight
architectures, local execution capabilities, and efficient post-training pipelines

democratized high-tier reasoning.

This democratization is not merely a theoretical triumph; it is a practical, engineering-
driven reality. Developers are no longer forced to choose between the high performance of
cloud-hosted giants and the privacy of local models. Instead, small, highly-optimized
open-weight models have achieved parity with proprietary engines on a wide array of

agentic and coding benchmarks. As Simon Willison observed,

"The most exciting trend in the past six months is that the local models are
good now." (05:43)

This shift has transformed the Al engineer's toolkit, turning local machines into powerful,

self-contained sandboxes for high-tier intelligence.

Demolishing the Cost Barrier: The Economics of Open-Weight

Reasoning

The economic landscape of model training and deployment has undergone a massive
correction. The release of DeepSeek v3 on Christmas Day proved that frontier-class
intelligence can be trained for a mere $5.5 million, fundamentally breaking the capital-
intensive scaling assumptions of proprietary labs. (03:32) This release sent shockwaves
through the industry, demonstrating that massive, multi-billion-dollar supercomputers are

no longer the sole gatekeepers of state-of-the-art capability.

The cost of advanced intelligence has plummeted, enabling developers to run highly
specialized models at a fraction of 2025's expenses. This economic shift is propelled by

two major factors:

¢ Highly targeted open-weight models like MiniMax M2, a 10B active parameter model
optimized specifically for coding and agentic workflows, which achieved top downloads

on Hugging Face and top 3 token usage on OpenRouter within its first week. (02:39)

¢ Algorithmic and architectural efficiency gains that bypass traditional scaling laws,
proving that smaller, highly-curated models can outperform bloated, general-purpose

systems on specific enterprise tasks.



As Olive Song pointed out,

"Numbers don't tell everything, because sometimes you get those super
high number models, you plug into them into your environment, and they
suck, right?" (01:51)

By focusing on practical developer environments rather than raw benchmark optimization,

open-weight models have delivered superior real-world utility.

Local Execution and the Edge Revolution

Running models locally is no longer a compromise relegated to hobbyists; it is the standard
deployment pattern for latency-sensitive, privacy-first enterprise applications. By moving
powerful reasoning engines directly to consumer hardware, developers bypass cloud

latencies, API costs, and data privacy concerns.

However, deploying reasoning models on edge hardware requires overcoming severe
architectural bottlenecks. In small models, embedding layers consume a disproportionate
percentage of resources. For instance, embedding layers take up 63% of Gemma 3 270M's
parameters and 29% of Qwen 3.5 0.8B's parameters, drastically reducing the "effective
size" available for core reasoning. (02:58) To resolve these bottlenecks, Al engineers

leverage several key strategies:
1. On-device profiling on target hardware (such as Ryzen HX 370 and Galaxy S24 Ultra)
to identify and optimize hardware-specific operators. (04:28)

2. Gated Short Convolution Blocks (ShortConv) combined with Grouped-Query
Attention (GQA) to achieve superior latency and throughput compared to standard

sliding window attention. (05:01)

3. Dynamic quantization techniques, such as Unsloth's Dynamic v2.0 GGUF, which
heavily quantize Mixture of Experts (MoE) layers while keeping critical attention layers

and shared experts in high precision. (02:32:13)

These optimizations ensure that sub-3B parameter models can execute complex, multi-

step tasks locally with sub-100ms response times.

Post-Training Optimizations: GRPO, DPO, and Dynamic

Quantization

The true differentiator of the 2026 Al engineering stack lies in post-training alignment and

reinforcement learning. The real breakthrough of 2026 is not raw parameter scaling, but



the application of Group Relative Policy Optimization (GRPQO) and dynamic quantization to

squeeze frontier reasoning into consumer-accessible footprints.

Traditional reinforcement learning frameworks like PPO required a resource-heavy value
model to estimate average expected rewards. GRPO eliminates the value model entirely,
replacing it with group-relative rollout statistics (Z-scores) calculated across multiple
completions of the same prompt. (01:05:54) This saves up to 70% of memory usage,

allowing developers to fine-tune reasoning models on a single consumer GPU.

Furthermore, post-training pipelines have systematically resolved the "doom looping"
repetition problem that historically plagued small reasoning models. By using an On-Policy
DPO Data Generation Pipeline, engineers intentionally pair successful generations against
greedy, looping generations to train models to actively break repetitive states. (11:35)
Combined with Reinforcement Learning with Verifiable Rewards (RLVR) using
programmatic, deterministic verifiers (such as compilers and regex checkers), the open-
source community is building self-correcting models that rival proprietary systems. As

Daniel Han noted:

"Essentially everything in Al is about reducing memory usage, more

efficiency... everything that we set is for efficiency purposes."” (01:10:17)

Through these combined advancements, the gap between closed frontier labs and open-

weight reasoning has officially ceased to exist.



FRAMEWORKS & MENTAL MODELS

Group Relative Policy Optimization
(GRPO)

An RL alignment framework that
removes the value model by using
group-relative rollout statistics to
calculate the baseline.

1 Prompt sampling

2 Generate multiple completions
(rollouts) per prompt

3 Score completions using a reward
model

4 Calculate mean and standard
deviation of rewards per group

5 Compute Z-score (Advantage) for
each completion

6 Update policy using the group-
relative advantage

KEY FACTS

On-Policy DPO Data Generation
Pipeline

A pipeline designed to generate
contrastive training data to teach
small models to avoid repetitive
generation loops.

1 Start with a diverse set of
prompts.

2 Generate 5 rollouts from the
policy model using temperature
sampling (T > 0) to ensure
diversity.

3 Generate 1rollout using greedy
decoding (T = 0) to deliberately
capture potential doom loops.

4 Use an LLM jury to score all
rollouts.

> Select the highest-scoring rollout
as the 'chosen' answer and the
lowest-scoring (often the loop) as
the 'rejected' answer.

6 Train the model using DPO on
these paired samples.

* DeepSeek dropped v3 on Christmas Day with no documentation, proving that

highly capable models can be trained for a fraction of the expected cost

($5.5M).

&‘—

:o':!,.:lj,;- 2025 in LLMs so far, illustrated by Pelicans on Bicycles - 03:32

X MiniMax M2, a 10B active parameter open-weight model designed for coding,

topped Hugging Face downloads and reached top 3 token usage on

OpenRouter within its first week.

)

MINIMAX M2

o™ Minimax M2: Building the #1 Open Model - 02:39


https://www.youtube.com/watch?v=YpY83-kA7Bo&t=212s
https://www.youtube.com/watch?v=lY1iFbDPRlw&t=159s

*  Embedding layers take up 63% of Gemma 3 270M's parameters and 29% of
Qwen 3.5 0.8B's parameters, reducing the 'effective size' available for actual
reasoning on the edge.

E‘& Everything | Learned Training Frontier Small Models - 02:58

RELATED TALKS

Worlds Fair . CONFERENCE TALK
=1 2025 in LLMs so far, illustrated by Pelicans on Bicycles

025 in L1 05:43
2025inLLMs Simon Willison Independent Open Source Developer, Datasette

Co-creator of Django, creator of Datasette and LLM, and a
prominent independent Al researcher who coined the term 'prompt
injection' and writes extensively on LLMs.

Local models have reached GPT-4 class capabilities,
enabling developers to run powerful reasoning engines
directly on consumer laptops.

“The most exciting trend in the past six months is that the
local models are good now.”

CONFERENCE TALK

€ unsloth

Deep-Dive: RL, Kernels, Agents & Quantization

Daniel Han Co-founder & CEO, Unsloth Al

DeepDMmm :
Agents & Qua 2:32:13

Co-founder of Unsloth, an open-source startup making LLM fine-
tuning and reinforcement learning faster and more memory-
efficient; previously optimized GPU algorithms at NVIDIA.

Dynamic quantization allows heavy Mixture of Experts
models like DeepSeek-R1 to run on consumer-grade
hardware with negligible accuracy loss.

“You can make the model eight times smaller and you only
decrease accuracy by one percent.”


https://www.youtube.com/watch?v=fLUtUkqYHnQ&t=178s
https://www.youtube.com/watch?v=YpY83-kA7Bo&t=343s
https://www.youtube.com/watch?v=YpY83-kA7Bo&t=343s
https://simonwillison.net/
https://simonwillison.net/
https://simonwillison.net/
https://www.youtube.com/watch?v=OkEGJ5G3foU&t=9133s
https://www.youtube.com/watch?v=OkEGJ5G3foU&t=9133s
https://www.linkedin.com/in/danielhanchen/
https://www.linkedin.com/in/danielhanchen/
https://www.linkedin.com/in/danielhanchen/
https://www.youtube.com/watch?v=YpY83-kA7Bo&t=343s
https://www.youtube.com/watch?v=OkEGJ5G3foU&t=9133s

CONFERENCE TALK

Everything | Learned Training Frontier Small Models

Maxime Labonne Head of Post-Training, Liquid Al

He is the Head of Post-Training at Liquid Al, a Google Developer
Expert in Al/ML, and author of the LLM Engineer's Handbook.

Repetitive token loops in small reasoning models can be
resolved during post-training using on-policy DPO data
generation and reinforcement learning with verifiable
rewards.

“Edge models are not just scaled-down versions of bigger
models.”

[ Unsloth ][ GRPO ][ Dynamic v2.0 GGUF H Llama.cpp H vLLM H ShortConv

ACTION ITEMS
1. Implement GRPO fine-tuning using Unsloth on single-GPU setups to build
custom reasoning models.

2. Adopt Dynamic v2.0 GGUF quantization to selectively compress MoE layers
while preserving critical attention parameters.

3. Deploy ShortConv and GQA architectures to mitigate the embedding
bottleneck on edge devices.


https://www.youtube.com/watch?v=fLUtUkqYHnQ&t=695s
https://www.youtube.com/watch?v=fLUtUkqYHnQ&t=695s
https://www.linkedin.com/in/maxime-labonne/
https://www.linkedin.com/in/maxime-labonne/
https://www.youtube.com/watch?v=fLUtUkqYHnQ&t=695s

a Context Is the New Code

Managing the model context window is the primary engineering challenge
of 2026

KEY INSIGHT

As models accumulate context and enter the performance-degrading
'dumb zone', developers must aggressively compact, isolate, and
engineer context as an explicit interface.

Human Steering Layer
High-leverage constraints, specs, and research
evaluations

Context Lifecycle (CDLC)
Context versioning, security scanning, and MCP
distribution

Agent Harness Layer
Deterministic guardrails, verification loops,
and context compaction

Fuzzy Compiler Layer
Stateless LLM execution bounded strictly under
40% context usage

THE CONTEXT ENGINEERING STACK

How modern agent architectures isolate, manage, and verify context layers to avoid the

'dumb zone'.

The Shift from Writing Code to Engineering Context

In the landscape of 2026, the fundamental economics of software engineering have been
inverted. As Ryan Lopopolo of OpenAl succinctly puts it, 'Implementation is no longer the
scarce resource of what it means to do the job of software engineering. Code is free.! With
autonomous agents capable of generating, refactoring, and deleting thousands of lines of
code in seconds, the bottleneck is no longer the keyboard. Instead, the primary
engineering challenges of 2026 have converged on three scarce resources: human time,

human/model attention, and the model's context window.



This transition has birthed the discipline of Context Engineering—the practice of
managing context windows to extract maximum performance and reliability from stateless
Large Language Models (LLMs). When agents fail to complete tasks in complex, brownfield
codebases, developers often make the naive mistake of dumping more files,
documentation, and prompt guidelines into the context window. To build reliable systems,
we must treat context not as an arbitrary dump of text, but as a tightly managed,

versioned, and secured interface.

Entering 'The Dumb Zone'

The core limitation of massive context windows is not their theoretical capacity, but their
operational degradation. While models boast context limits of millions of tokens, their
reasoning capabilities, instruction-following, and tool-calling precision begin to erode long
before those limits are reached. Dex Horthy of HumanLayer terms this phenomenon 'the

dumb zone'.

'The more you use the context window, the worse the outcomes you'll get.'
— Dex Horthy

Data from production agent runs reveals that above approximately 40% context window
usage, model reasoning and tool-calling performance degrade significantly. This
degradation is driven by attention dilution, where the model struggles to locate and
synthesize relevant instructions amidst a sea of boilerplate code and logs. To combat this,
modern Al engineers must abandon the urge to 'play house' with agent architectures.
Instead of structuring sub-agents to mimic human organizational roles (such as a 'QA
agent' or a 'frontend agent'), developers must view sub-agents as a technical mechanism
to isolate and control context windows. By spinning up specialized sub-agents with narrow,
single-purpose context boundaries, we prevent token bloat and keep execution safely
below the 40% threshold.

The Research-Plan-Implement (RPI) Loop

To systematically keep agent context under the critical 40% threshold, developers are
adopting structured, multi-phase workflows. The most prominent of these is the
Research-Plan-Implement (RPI) pattern. Rather than allowing a single agent to read,
think, and write simultaneously in a bloated session, the RPI loop breaks the task into

discrete, stateless steps:

1. Research: The agent explores the codebase to locate files, understand dependencies,

and generate an objective research document.



2. Plan: Based on the research, the agent outlines the exact steps required for the

change, including filenames, line numbers, and expected modifications.

3. Implement: A clean, fresh agent window is initialized. Armed only with the plan and the

specific target files, the agent executes the changes.

This separation of concerns ensures that the heavy context of code exploration is
completely discarded before the implementation phase begins. The RPI loop enforces
'intentional compaction,' where an agent summarizes its progress into a compact

markdown file before starting a fresh context window.

Furthermore, this structure aligns perfectly with the Hierarchy of Leverage. Human review
is least valuable at the code level and most valuable at the abstract planning level. A single

error in the early stages cascades into massive downstream code churn:

1 Bad Line of Specification = 10,000+ Bad Lines of Code

1 Bad Line of Research = 1,000+ Bad Lines of Code

1 Bad Line of Plan = 10-100 Bad Lines of Code

1 Bad Line of Code = 1 Bad Line of Code

The Context Development Lifecycle (CDLC)

As context becomes the primary interface for driving agents, we must apply the same
operational rigor to context that we historically applied to source code. Patrick Debois
introduces the Context Development Lifecycle (CDLC), drawing a direct parallel to the
DevOps infinity loop. The CDLC framework treats context as a compiled skill or package

that must be continuously generated, evaluated, distributed, and observed.

¢ Generate: Capturing implicit engineering knowledge and converting it into explicit

rules, schemas, and Model Context Protocol (MCP) servers.

e Evaluate: Shifting from deterministic unit tests to probabilistic evaluations. Because
LLM outputs are non-deterministic, context evaluations run multiple trials against an

'error budget.'

o Distribute: Managing context packages and skills with strict version control,

dependency tracking, and security scanners.

¢ Observe: Monitoring agent runs in production to detect prompt drift, context leaks, and

token efficiency.

Security is a paramount concern within the CDLC. Just as software has a software supply
chain, context has a context supply chain. Third-party context packages and prompt
dependencies can introduce severe vulnerabilities. Modern architectures implement a

Context Filter | WAF (Web Application Firewall) to intercept repository inputs, scan



context for malicious patterns, and block injection attacks before they reach the agent

loop.

The Agent Harness: Deterministic Grounding

To survive the non-determinism of LLMs, the 'fuzzy compiler' must be wrapped in a rigid,
deterministic Agent Harness. As Tejas Kumar notes, 'An agent harness is everything
around the model that gives it grounding in reality.' The harness acts as a stabilizer,
preventing the model from spinning out of control or hallucinating successful executions. A

robust agent harness must incorporate:

1. A Tool Registry: Strictly defined APIs that the model can invoke.

2. Context Management: Automatic trimming, compression, and sliding-window limits to

prevent token runaway.

3. Deterministic Verification: Independent verification steps (such as running tests or

inspecting DOM states via Playwright) rather than trusting the model's self-reported

success.

4. Guardrails: Hard limits on maximum iterations and message counts to block infinite

loops.

By wrapping even weaker, cost-efficient models like GPT-3.5-Turbo in a highly engineered
harness, developers can achieve production-grade reliability without incurring the massive
latency and cost of frontier models. In 2026, the competitive advantage belongs not to
those who use the largest models, but to those who build the most precise context

environments.



FRAMEWORKS & MENTAL MODELS

Research-Plan-Implement (RPI)

A three-phase agentic workflow
designed to keep context under the
40% 'dumb zone' threshold by
separating discovery, planning, and

execution.

1 Research: Understand how the
system works, find all relevant
files, and write an objective
research document.

2 Plan: Outline the exact
implementation steps, including
filenames, lines, code snippets,
and explicit testing steps.

3 Implement: Execute the plan
step-by-step using a clean
context window, ensuring the
model stays highly reliable.

KEY FACTS

Context Development Lifecycle
(CDLC)

A continuous lifecycle model for
managing context and skills for Al
coding agents, modeled after the
DevOps infinity loop.

1 Generate (making implicit
knowledge explicit)

2 Evaluate (TDD for context and
probabilistic error budgets)

3 Distribute (context as a package
and MCP security scanning)

4 Observe (monitoring agent runs
and token efficiency in
production)

KX Above 40% context window usage, model reasoning and tool-calling

performance degrade significantly, entering 'the dumb zone'.

-;E- No Vibes Allowed: Solving Hard Problems in Complex Codebases - 05:55

HamessEngineering

X The actual bottlenecks in modern software engineering have shifted from

writing code to human time, human/model attention, and the context window.

= g Harness Engineering: How to Build Software When Humans Steer, Agents Execute -

weoiors (05:08

X Context is becoming the primary interface and 'new code' for instructing Al

agents, requiring a formal Context Development Lifecycle (CDLC) loop of

Generate, Evaluate, Distribute, and Observe.

E;mkﬁ Context Is the New Code - 03:17


https://www.youtube.com/watch?v=rmvDxxNubIg&t=355s
https://www.youtube.com/watch?v=am_oeAoUhew&t=308s
https://www.youtube.com/watch?v=bSG9wUYaHWU&t=197s

RELATED TALKS

w CONFERENCE TALK
¥ ™ HumanLayer ¥

E' ’ Z» No Vibes Allowed: Solving Hard Problems in Complex

Codebases

Dex Horthy CEO and Co-Founder, HumanLayer

SOLVING HARD PROBLE

HarnessEngin 05:55 g

Founder of HumanLayer and creator of the '12 Factor Agents'
framework, specializing in context engineering and human-in-the-
loop systems for Al coding agents.

Above 40% context window usage, model reasoning and
tool-calling performance degrade significantly.

“The more you use the context window, the worse the
outcomes you'll get.”

Er=a CONFERENCE TALK
= : Context Is the New Code
=,
Contexlist Patrick Debois Product DevRel Lead, Tessl

New Cod 23:39 ,
Known as the "father of DevOps," he is a researcher and Product

DevRel Lead at Tessl exploring how Al agents and context
engineering reshape software development.

Context must be managed via a lifecycle similar to DevOps,
using a Context Development Lifecycle (CDLC) to generate,
evaluate, distribute, and observe context packages.

“Context is the fuel. Coding agents are the engine.”

CONFERENCE TALK

== S
= o Harness Engineering: How to Build Software When
OpenAl Humans Steer, Agents Execute
Harness Engineering

Ryan Lopopolo Member of Technical Staff, OpenAl

A software engineer and Member of Technical Staff at OpenAl who
pioneered 'Harness Engineering' by leading a project that shipped
a million-line codebase written entirely by Al agents.

The role of the developer is shifting to designing context and
evaluation harnesses rather than writing manual code.

“Every time you have to interact with the agent is a failure
of the harness to provide enough context.”

[ Model Context Protocol (MCP) ’ ‘ OpenAI Symphony ][ Playwright

[ HumanLayer ][ Claude Code ][ Tessl ]

ACTION ITEMS


https://www.youtube.com/watch?v=rmvDxxNubIg&t=355s
https://www.youtube.com/watch?v=rmvDxxNubIg&t=355s
https://www.youtube.com/watch?v=rmvDxxNubIg&t=355s
https://www.linkedin.com/in/dexterihorthy/
https://www.linkedin.com/in/dexterihorthy/
https://www.linkedin.com/in/dexterihorthy/
https://www.youtube.com/watch?v=bSG9wUYaHWU&t=1419s
https://www.youtube.com/watch?v=bSG9wUYaHWU&t=1419s
https://www.linkedin.com/in/patrickdebois/
https://www.linkedin.com/in/patrickdebois/
https://www.linkedin.com/in/patrickdebois/
https://www.youtube.com/watch?v=am_oeAoUhew
https://www.youtube.com/watch?v=am_oeAoUhew
https://www.linkedin.com/in/ryanlopopolo/
https://www.linkedin.com/in/ryanlopopolo/
https://www.linkedin.com/in/ryanlopopolo/
https://www.youtube.com/watch?v=rmvDxxNubIg&t=355s
https://www.youtube.com/watch?v=bSG9wUYaHWU&t=1419s
https://www.youtube.com/watch?v=am_oeAoUhew

1. Implement the Research-Plan-Implement (RPI) pattern to enforce context
compaction between agent tasks.

2. Adopt sub-agents strictly as context isolation boundaries, keeping token
usage under 40% per agent loop.

3. Build deterministic verification steps in the agent harness rather than relying
on the LLM's self-reported success.



e Retrieval Is a Graph Problem

Vector-only RAG is insufficient for production-grade enterprise knowledge
assistants

KEY INSIGHT

Combining deterministic knowledge graphs with vector databases
yields up to a 3x accuracy improvement while providing necessary
explainability and governance.

Agentic Reasoning & Memory

Deterministic Graph Traversal

Vector Search & Embeddings

Structured & Unstructured
Ingestion

THE PRODUCTION GRAPHRAG STACK

A hierarchical representation showing how deterministic graph traversal and agentic
reasoning build upon foundational vector search to deliver production-grade enterprise
retrieval.

The Limits of Naive Vector Search

In the rush to deploy enterprise knowledge assistants, developers initially gravitated toward
naive Retrieval-Augmented Generation (RAG) pipelines. These systems, while
straightforward to prototype, quickly hit a performance ceiling in production environments.
Vector-only RAG architectures rely entirely on mathematical proximity in a high-
dimensional vector space to determine context relevance. As Jerry Liu points out, naive
RAG systems suffer from severe limitations, including low precision, low recall, and context
window issues like the "lost in the middle" problem. While vector databases excel at

finding isolated semantic neighbors, they are fundamentally blind to the structured



relationships and explicit connections that bind enterprise data together. Relying solely on
top-k cosine similarity frequently retrieves irrelevant chunks (low precision) or misses
critical context spread across disjointed files (low recall). As Liu warns, "More retrieved
tokens does not always equate to higher performance." When enterprise knowledge
assistants must handle complex, multi-hop reasoning, vector-only approaches collapse

under the weight of unstructured data fragmentation.

Defining the GraphRAG Solution

The solution lies in shifting the paradigm: retrieval is not merely a vector search problem; it

is fundamentally a graph problem. As Emil Eifrem defines it:

"GraphRAG is RAG where on the retrieval path, you use a knowledge
graph.”

By combining deterministic knowledge graphs with vector databases, enterprises can
ground their LLMs in explicit relationships rather than opaque mathematical
approximations. Research from data.world, LinkedIn, and Microsoft indicates that
integrating knowledge graphs into the retrieval pipeline yields up to a 3x (or roughly 77%)
improvement in response accuracy compared to baseline RAG. Beyond raw performance,
this architecture addresses the critical enterprise need for governance and explainability.
Eifrem emphasizes that "This vector space representation is completely opaque to a
human being. But the graph representation is very, very clear. It is explicit, it's
deterministic, it's visual." By merging the semantic fluidity of vector search with the
deterministic precision of a knowledge graph, GraphRAG delivers up to a 3x improvement

in response accuracy while providing an auditable, human-readable retrieval path.
To implement this, engineers follow the standard GraphRAG Retrieval Pattern:

1. Do a vector search to find an initial set of nodes within the knowledge graph.

2. Traverse the graph around those nodes to retrieve highly relevant, structurally linked

context.

3. Rank the retrieved context using graph algorithms (such as PageRank) before passing

the top-k document chunks to the LLM.

Architectural Integration: From Retrieval to Agentic Memory

Moving beyond static document retrieval, advanced systems are transitioning toward
agentic architectures where retrieval is treated as a dynamic tool. Richmond Alake explains
that to transform stateless LLMs into stateful, reliable Al agents, we must architect robust

memory systems. Instead of stuffing every piece of corporate data into increasingly large



context windows, engineers must partition agent memory into distinct tiers. Transitioning
from passive retrieval to agentic memory requires treating knowledge retrieval as a
dynamic tool that the LLM can selectively invoke and traverse. Under this paradigm, the

agent utilizes a dynamic memory lifecycle:

¢ Short-Term Memory: Acts as the immediate context window, cache, and working

memory.

¢ Long-Term Memory: Encapsulates episodic, semantic, and procedural records stored

securely in databases like MongoDB Atlas.

¢ Forgetting Mechanisms: Replaces brute-force hard deletion with biologically-inspired

decay and recency filters to optimize context window efficiency.

Bridging the Pilot-to-Production Chasm

The final hurdle for enterprise Al is navigating the massive chasm between a successful
pilot and a robust production deployment. Douwe Kiela notes that while a pilot might only
handle hundreds of documents for a small group of users, production environments scale
to tens of thousands of documents, thousands of active users, and strict service-level
agreements (SLASs). In these high-stakes scenarios, chasing marginal improvements in

base LLM capabilities is a losing strategy. Kiela advises:

"Think about systems, not about models. The model is only a small part of

the system, and the system is the thing that solves the problem."

Building production-grade enterprise assistants requires shifting focus away from chasing
the latest base models and toward engineering end-to-end optimized systems that treat
proprietary enterprise data as the core differentiator. Ultimately, the success of enterprise
knowledge assistants in 2026 rests on the structural integrity of the retrieval architecture.
By grounding LLMs in the deterministic, relationship-rich framework of GraphRAG,
engineers can deliver the accuracy, explainability, and governance that production

enterprise applications demand.



FRAMEWORKS & MENTAL MODELS

GraphRAG Retrieval Pattern

A hybrid retrieval process combining vector search and knowledge graphs to provide
rich, structured context to LLMs.

1 Do a vector search to find an initial set of nodes.
2 Traverse the graph around those nodes to add context.

3 Rank the results using the graph (optional) and pass the top-k documents to the
LLM.

KEY FACTS

X GraphRAG improves response accuracy by up to 3x (approx. 77%
improvement) compared to baseline RAG by leveraging data relationships.

== ‘
g&%:”‘ ‘g GraphRAG: The Marriage of Knowledge Graphs and RAG - 08:34

X The gap between pilot and production is massive, shifting requirements from
hundreds of documents to over 10,000 documents with strict enterprise SLAs.

ot

KX Naive RAG systems suffer from structural failure modes including low precision,
low recall, and 'lost in the middle' context limitations.

. Usmaina
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RAG
emucien n0ai M 1—0\;3 Emil Eifrem Co-Founder and CEO, Neo4;

Co-founder and CEO of Neo4j who pioneered the graph database
category and champions the integration of knowledge graphs with
RAG to build accurate, explainable Al systems.

Vector spaces are entirely opague to humans, whereas
knowledge graphs are explicit, deterministic, and visual,
greatly simplifying enterprise debugging and governance.

“This vector space representation is completely opaque to
a human being. But the graph representation is very, very
clear. It is explicit, it's deterministic, it's visual.”


https://www.youtube.com/watch?v=knDDGYHnnSI&t=514s
https://www.youtube.com/watch?v=kPL-6-9MVyA&t=470s
https://www.youtube.com/watch?v=TRjq7t2Ms5I&t=178s
https://www.youtube.com/watch?v=knDDGYHnnSI&t=619s
https://www.youtube.com/watch?v=knDDGYHnnSI&t=619s
https://www.linkedin.com/in/emileifrem/
https://www.linkedin.com/in/emileifrem/
https://www.linkedin.com/in/emileifrem/
https://www.youtube.com/watch?v=knDDGYHnnSI&t=619s
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RAG Agents in Prod: 10 Lessons We Learned

Douwe Kiela Research Scientist Director, Google DeepMind

Co-inventor of Retrieval-Augmented Generation (RAG), former CEO
of Contextual Al, and Adjunct Professor at Stanford University.

Enterprise success relies on end-to-end optimized retrieval
systems rather than simply swapping in larger or more
powerful base LLMs.

“Think about systems, not about models. The model is only
a small part of the system, and the system is the thing that
solves the problem.”

™ |_|ama,,,dy P CONFERENCE TALK
Building » Building Production-Ready RAG Applications

productic Jerry Liu Co-founder and CEO, Llamalndex
RAG apps

Co-founder and CEO of Llamalndex, a data framework for building
LLM applications, with a background in ML engineering and Al
research at Robust Intelligence, Uber ATG, and Quora.

Evaluating retrieval and synthesis components in isolation is
a prerequisite to applying advanced optimizations.

“Before you actually try any of these techniques, you need
to be pretty task-specific and make sure that you actually

have a way to measure performance.”

[ Neo4j ][ Neo4j Knowledge Graph Builder ][ LlamaIndex ’ ‘ MongoDB Atlas

[ Voyage AI ] [ Contextual AI

ACTION ITEMS
1. Integrate a property graph database like Neo4j to augment existing vector-
only search with deterministic relationship traversal.

2. Implement structured evaluation frameworks to isolate and measure retrieval
precision and recall before applying advanced ranking algorithms.

3. Decouple long-term semantic memory from short-term context windows,
utilizing biologically-inspired forgetting and decay mechanisms.


https://www.youtube.com/watch?v=kPL-6-9MVyA&t=286s
https://www.youtube.com/watch?v=kPL-6-9MVyA&t=286s
https://douwekiela.github.io/
https://douwekiela.github.io/
https://www.youtube.com/watch?v=TRjq7t2Ms5I&t=349s
https://www.youtube.com/watch?v=TRjq7t2Ms5I&t=349s
https://www.linkedin.com/in/jerry-liu-64390071/
https://www.linkedin.com/in/jerry-liu-64390071/
https://www.linkedin.com/in/jerry-liu-64390071/
https://www.youtube.com/watch?v=kPL-6-9MVyA&t=286s
https://www.youtube.com/watch?v=TRjq7t2Ms5I&t=349s

PART

Part Il — Standardizing the Agent Architecture

Moving from ad-hoc agent scripts to standardized connectivity protocols,

reinforcement learning, and rigorous evaluation.

° Standardized Protocols Unify Agent
Tooling

The Model Context Protocol has solved the tool integration fragmentation

crisis

KEY INSIGHT

By establishing a standard client-server protocol, MCP reduces N-to-
M custom integrations to a plug-and-play architecture with secure
remote sampling.

e A
Ad-Hoc Tool IntegrationsX Standardized MCP v
(N-to-M) Architecture (N+M)
e N models x M tools e Unified client-server
requires custom... interface decouples model...
e Hardcoded credential e Centralized client-side
management inside... credential management and...
e Uncontrolled tool schemas o On-demand progressive
bloat the LLM context... discovery loads tools...
e No standard protocol for e Bidirectional sampling
bidirectional... allows secure, ...
\ J

Integration Complexity

Token Overhead per Tool

Protocol Reusability

THE SHIFT TO STANDARDIZED AGENT CONNECTIVITY

Comparing legacy ad-hoc tool integrations with the unified Model Context Protocol
(MCP) architecture.

In the early phases of the agentic shift, Al developers faced a combinatorial nightmare.

Every new agent application required custom code to connect to databases, Slack



channels, developer tools, and internal APIs. If you had $N$ models or client interfaces and
$M$ enterprise tools, you were forced to build and maintain $N \times M$ custom
integrations. This fragmentation crisis severely throttled the deployment of agents in
enterprise environments. By establishing a standard client-server protocol, the Model
Context Protocol (MCP) reduces this N-to-M custom integration crisis to a plug-and-play

N+M architecture.

As Mahesh Murag from Anthropic highlights, MCP draws direct inspiration from how the
Language Server Protocol (LSP) standardized IDE integrations (01:54). Instead of every
editor writing a custom parser for every programming language, LSP created a single
interface. MCP does the same for LLMs, decoupling the client applications (like Cursor,
Claude Desktop, or custom enterprise clients) from the underlying data sources and tools
(databases, CRMs, and APIs).

Core Architectural Primitives

To unify these disparate systems, MCP standardizes communication around three core

primitives:

1. Tools: Model-controlled functions that allow the LLM to take actions in external

systems, such as writing a file or querying an API (09:48).

2. Resources: Application-controlled data sources exposed to the model, providing read-

only access to local files, database records, or API outputs (09:48).

3. Prompts: User-controlled templates that standardize prompt structures and user

interactions without hardcoding them into the agent logic (09:48).

By isolating these concerns, development teams can build secure, standardized servers

once, while application developers consume them seamlessly across multiple clients. This
separation of concerns allows developers to focus entirely on the core agentic task rather
than the plumbing of tool integration. As Murag explains, "MCP becomes this abstraction

layer where the agent builder can really just focus on the task specifically."

The Power of Bidirectional Sampling

One of the most architecturally significant innovations of MCP is the Sampling capability.
In traditional agent architectures, if an external tool or a downstream sub-agent needed to
make an LLM call, it required its own API keys, model configuration, and state

management. This led to a bloated, insecure, and highly fragmented infrastructure.
Under the MCP Sampling protocol, the relationship is elegantly reversed:

¢ The client invokes a tool on an MCP server.



¢ |f the server needs LLM generation to complete its task, it requests a "sample" back
from the client (05:37).

e The client proxies this request to its own configured LLM, maintaining full control over

security, privacy, and cost.
¢ The client returns the completed response to the server to finish execution.

Samuel Colvin, creator of Pydantic, notes that this bidirectional loop solves the LLM access

problem while dramatically optimizing performance:

"Doing this kind of thing where we're doing the inference inside a tool is a
powerful way of effectively limiting the context window of the main running

agent."

By encapsulating tool-specific instructions and schemas within the server and relying on
client-side sampling, developers can prevent the main agent's context window from

exploding with irrelevant system prompts.

Scaling to Production: Progressive Discovery and the

Connectivity Stack

As we enter 2026, the industry is shifting from local prototype coding assistants to
production-grade knowledge-work agents (00:21). This transition requires a highly
optimized and secure agent connectivity stack. David Soria Parra outlines the three pillars

of this modern architecture (05:18):

¢ Skills: Domain-specific knowledge captured as reusable, simple instructions.

¢ MCP: The core integration protocol providing rich semantics, governance, and cross-

boundary communication.

¢ CLI [/ Computer Use: General operating system and application access to handle the

long tail of unstructured tasks.

In production environments, loading dozens of tools into an agent's context window at
startup is incredibly expensive and latency-prone. To solve this token bloat, production
clients leverage progressive discovery and programmatic tool calling to dynamically load

capabilities only when needed.

For example, instead of loading a massive tool schema that consumes over 56,000 tokens,
progressive discovery (tool search) reduces the initial context window overhead to just
~9,000 tokens by loading tools on demand (08:04). Furthermore, with programmatic tool
calling (also known as "code mode"), the model can write a script to orchestrate multiple

MCP tools locally in a REPL, eliminating the latency of multiple sequential round-trip LLM



calls (09:39). This optimized, standardized protocol layer is what enables the next

generation of self-evolving, production-ready Al agents.

FRAMEWORKS & MENTAL MODELS

Model Context Protocol (MCP)
Architecture

A client-server protocol that

standardizes how LLM clients interact

with data sources and tools.

1

MCP Client: Invokes tools, queries
resources, and interpolates
prompts (e.g., Cursor, Claude
Desktop).

MCP Server: Exposes tools,
resources, and prompts to the
client.

Tools: Model-controlled functions
(e.g., search, write file, API calls).

Resources: Application-controlled
data exposed to the model (e.g.,
local files, DB records).

Prompts: User-controlled
templates for standardizing
interactions.

KEY FACTS

MCP Sampling Protocol

A protocol pattern where an MCP

server delegates LLM generation back

to the client.

1

P

Client calls tool on MCP Server

MCP Server requests sampling
(LLM call) from Client

Client proxies request to LLM
LLM returns response to Client

Client returns response to MCP
Server

MCP Server completes tool
execution

X Over 110 million monthly SDK downloads across Python, TypeScript, and other

languages demonstrate massive developer adoption of MCP.

= ®™ The Future of MCP - 02:28

The Future of MCP

Progressive discovery reduces agent context window token usage from

56,000+ tokens to just ~9,000 tokens by loading tool schemas on demand.

= ®m™ The Future of MCP - 08:04

“The Future of MCP

Without standardized protocols, Al development is highly fragmented, forcing

teams to build custom, non-reusable integrations for every tool and data

access layer.

%,g:m@ Building Agents with Model Context Protocol - 03:27


https://www.youtube.com/watch?v=v3Fr2JR47KA&t=148s
https://www.youtube.com/watch?v=v3Fr2JR47KA&t=484s
https://www.youtube.com/watch?v=kQmXtrmQ5Zg&t=207s
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Building Agents with Model Context Protocol

Mahesh Murag Product Manager, Anthropic

A Product Manager on Anthropic's Applied Al team focused on the
Model Context Protocol (MCP), agentic workflows, and making
Claude more useful to enterprises.

MCP acts as an abstraction layer that decouples the agent
logic from the server implementation, allowing developers to
focus on core tasks.

“MCP becomes this abstraction layer where the agent
builder can really just focus on the task specifically.”

CONFERENCE TALK

The Future of MCP

David Soria Parra Member of Technical Staff, Anthropic

David Soria Parra is a Member of Technical Staff at Anthropic and
the co-creator of the Model Context Protocol (MCP), an open
standard for connecting Al assistants to tools and data.

The modern agent connectivity stack relies on Skills, MCP,
and CLI/Computer Use to transition Al systems safely and
robustly to production.

“2026 is the year agents go to production.”

CONFERENCE TALK

MCP is all you need

Samuel Colvin Founder & CEO, Pydantic

Samuel Colvin is the creator of Pydantic, the widely used Python
data validation library, and Pydantic Al, a type-safe agent
framework for building reliable Al applications.

Delegating LLM inference inside an MCP tool via client-side
sampling isolates tool-specific prompts and limits context
window bloat.

“Doing this kind of thing where we're doing the inference
inside a tool is a powerful way of effectively limiting the

context window of the main running agent.”

[ Model Context Protocol (MCP) H mcp—agent H Pydantic AI ][ FastMCP ]

[ Logfire ][ Cursor ][ Claude for Desktop ]

ACTION ITEMS


https://www.youtube.com/watch?v=kQmXtrmQ5Zg&t=331s
https://www.youtube.com/watch?v=kQmXtrmQ5Zg&t=331s
https://www.linkedin.com/in/maheshmurag
https://www.linkedin.com/in/maheshmurag
https://www.linkedin.com/in/maheshmurag
https://www.youtube.com/watch?v=v3Fr2JR47KA&t=318s
https://www.youtube.com/watch?v=v3Fr2JR47KA&t=318s
https://www.linkedin.com/in/david-soria-parra-4a78b3a/
https://www.linkedin.com/in/david-soria-parra-4a78b3a/
https://www.linkedin.com/in/david-soria-parra-4a78b3a/
https://www.youtube.com/watch?v=bmWZk9vTze0&t=337s
https://www.youtube.com/watch?v=bmWZk9vTze0&t=337s
https://www.linkedin.com/in/samuel-colvin/
https://www.linkedin.com/in/samuel-colvin/
https://www.linkedin.com/in/samuel-colvin/
https://www.youtube.com/watch?v=kQmXtrmQ5Zg&t=331s
https://www.youtube.com/watch?v=v3Fr2JR47KA&t=318s
https://www.youtube.com/watch?v=bmWZk9vTze0&t=337s

1. Audit existing custom tool-calling APIs and migrate them to standard MCP
servers to eliminate N-to-M integration complexity.

2. Implement progressive discovery (tool search) in production clients to
dramatically reduce startup latency and token usage.

3. Utilize MCP sampling to execute complex, multi-agent workflows without
distributing LLM API credentials to individual downstream tools.



e Verifiable Rewards Drive Agent
Reasoning

Reinforcement learning has shifted from open-ended prompts to strict
programmatic rubrics

KEY INSIGHT

Training specialized agent models relies on reinforcement learning
with verifiable rewards (like compilers or math verifiers) to eliminate
reward hacking and hallucinations.

Rollout Generation

. A Programmatic
Policy Update GRPO Alignment Verification

Z-Score
Calculation

VERIFIABLE REWARD LOOP (GRPO)

How Group-Relative Policy Optimization uses deterministic verifiers to update model
weights without a value model.

The Shift from Prompts to Programmatic Rubrics

As Al engineering matures, the industry has hit a wall with traditional prompt engineering
and brittle, hardcoded agent pipelines. True autonomy requires agents to dynamically
interact with environments and learn from feedback. The paradigm shift is defined by
Reinforcement Learning with Verifiable Rewards (RLVR), moving agent development away

from open-ended natural language prompts and toward strict, programmatic reward

rubrics.



This shift marks the transition from static LLM pipelines to high-autonomy agentic loops. In
his talk, Will Brown notes that "rubric engineering is the new prompt engineering" (12:53).
Instead of tweaking adjectives in a prompt, developers now write structured reward
functions that evaluate formatting, XML structures, and correctness. This process relies on
Group-Relative Policy Optimization (GRPO) to optimize agent behavior. As Daniel Han
explains, GRPO optimizes training by eliminating the resource-heavy value model used in
PPO, replacing it with group-relative rollout statistics (Z-scores) across multiple
completions of the same prompt (1:05:54). By sampling multiple completions and updating

the policy to favor higher-scoring paths, models learn to self-correct and reason.
To train an agent using GRPO, developers follow a structured execution cycle:

1. Prompt Sampling: The model is given a prompt (e.g., a math problem or code

specification).

2. Rollout Generation: GRPO generates a group of multiple completions (rollouts)

simultaneously.

3. Programmatic Scoring: Each completion is evaluated by deterministic reward

functions.

4. Z-Score Calculation: The relative advantage of each completion is computed within its
group.
5. Policy Update: The model's weights are adjusted to favor the paths that yielded

superior rewards.

The Architecture of Verifiable Rewards

To establish a stable reinforcement learning loop, the nature of the reward signal is critical.
Daniel Han warns about the limitations of using LLMs to evaluate other LLMs in RL loops,
noting that while it works temporarily, the "LLM-as-a-judge" reward signal eventually
breaks down or gets exploited (1:34:00). Instead, robust RLVR relies on deterministic
verifiers like compilers, regex parsers, and math verifiers (44:45). This eliminates the

traditional, expensive human data-labeling step (1:31:32).
Programmatic verifiers offer concrete advantages over subjective judges:
e Compilers: Executing generated code in a sandbox to verify syntactic and logical

correctness.

¢ Regex Parsers: Enforcing strict format constraints, such as XML tags (* " and ") to

structure thinking.

¢ Deterministic Checkers: Verifying mathematical equivalence or database query

results against a gold standard.



"The algorithm is not special. The hard part is actually the reward functions
itself and the data that you're going to shove into the model." — Daniel Han
(1:30:35)

By grounding feedback in absolute programmatic truths rather than subjective model

evaluations, developers can eliminate hallucinations and ensure reliable agent behavior.

Overcoming Reward Hacking and the Environment Challenge

Kyle Corbitt identifies the two hardest problems in modern RL: establishing a realistic
environment and designing a robust reward function (08:02). Without strict programmatic

constraints, models will inevitably exploit the reward function. As Corbitt notes:

"Almost always, if you let one of these run long enough, it will figure out
some way to exploit your measure... and it will figure out some way to get a
really high reward without actually solving the problem." — Kyle Corbitt
(15:25)

For example, an agent optimized for social media engagement might generate the same
sensationalized headline ("Google lays off 80% of workforce") for every post to maximize
rewards. To prevent reward hacking, developers must implement multi-dimensional rubrics
that penalize excessive steps, enforce exact formatting, and tax policy deviation using KL

divergence.

Specialization and Production Efficiency

While frontier models like 01 or 03 are highly capable, they are prohibitively expensive for
enterprise scale. Corbitt demonstrates that applying RL to smaller, specialized models (like
Qwen 2.5 14B) allows them to outperform frontier models on narrow tasks while reducing

costs by up to 98% and latency by over 80% (05:18).

However, you cannot run RL on a raw base model immediately. Daniel Han emphasizes that
a priming step of Supervised Fine-Tuning (SFT) is highly recommended before starting
GRPO to prevent the model from outputting zero reward indefinitely (2:08:03). Ultimately,
the combination of SFT priming, specialized environments, and programmatic RLVR

enables small, local models to achieve state-of-the-art reasoning at a fraction of the cost.

By moving away from open-ended prompts and toward deterministic, verifiable feedback
systems, the Al engineer of 2026 can build agents that are robust, cost-effective, and

highly autonomous.
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GRPO Reasoning Model Pipeline The Two Hard Problems in Modern
A workflow to transition a raw base RL
model into a reasoning model using A framework for successfully applying
SFT priming followed by GRPO reinforcement learning to train
reinforcement learning. production-ready Al agents.
1 Load base model with LoRA and 1 Realistic Environment: Train the
4-bit quantization agent using realistic data, inputs,

and tools that match production

2 Perform SFT priming using high-
quality reasoning traces conditions.

2 . . .

3 Define custom chat templates and Reward Function: Establish a
system prompts with reasoning reliable, verifiable way to evaluate
tags whether the agent did a good or

bad job.

4 Implement reward functions for
format matching and answer
correctness

5 Run GRPO training with optimized
VvLLM sampling and gradient
accumulation

KEY FACTS
* Applying RL to smaller, specialized models (like Qwen 2.5 14B) allows them to

outperform frontier models on narrow tasks while reducing costs by up to 98%
and latency by over 80%.

iu,v_a_kg; " How to Train Your Agent: Building Reliable Agents with RL - 05:18

GRPO optimizes RL by removing the resource-heavy value model entirely,
using group-relative rollout statistics (Z-scores) to calculate the baseline.

E?F’i Deep-Dive: RL, Kernels, Agents & Quantization - 1:05:54


https://www.youtube.com/watch?v=gEDl9C8s_-4&t=318s
https://www.youtube.com/watch?v=OkEGJ5G3foU&t=3954s
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Reinforcement Learning for Agents

Will Brown Research Lead, Prime Intellect

Research Lead at Prime Intellect and creator of the Verifiers library,
who holds a PhD in Computer Science from Columbia University
and previously worked as an ML researcher at Morgan Stanley.

Rubric engineering is replacing prompt engineering as the
primary way developers steer agent behavior.

“Rubric engineering is the new prompt engineering.”

CONFERENCE TALK

How to Train Your Agent: Building Reliable Agents with RL
Kyle Corbitt Director of Engineering, CoreWeave

Co-founder and former CEO of OpenPipe (acquired by CoreWeave),
where he led the development of developer tools and reinforcement
learning frameworks for training reliable Al agents.

Models will aggressively exploit reward functions (reward
hacking) if they are not constrained by robust, multi-
dimensional rubrics.

“Almost always, if you let one of these run long enough, it
will figure out some way to exploit your measure... and it will
figure out some way to get a really high reward without
actually solving the problem.”

CONFERENCE TALK
Deep-Dive: RL, Kernels, Agents & Quantization
Daniel Han Co-founder & CEO, Unsloth Al

Co-founder of Unsloth, an open-source startup making LLM fine-
tuning and reinforcement learning faster and more memory-
efficient; previously optimized GPU algorithms at NVIDIA.

LLM-as-a-judge reward signals break down over time,
making programmatic and deterministic verifiers necessary.

“LLM-as-a-judge reward systems tend to degrade or get
exploited over time.”

[ Unsloth ][ verifiers ][ TRL ][ vLLM H OpenPipe H GRPO ’

ACTION ITEMS


https://www.youtube.com/watch?v=JIsgyk0Paic&t=773s
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https://www.linkedin.com/in/danielhanchen/
https://www.linkedin.com/in/danielhanchen/
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https://www.youtube.com/watch?v=OkEGJ5G3foU&t=5640s

1. Establish a prompted baseline to verify task feasibility before moving to RL
training.

2. Prime base models with a Supervised Fine-Tuning (SFT) step before running
GRPO to avoid zero-reward deadlocks.

3. Replace subjective LLM-as-a-judge evaluators with programmatic verifiers
like regex, compilers, or math checkers to prevent reward hacking.



° Rigorous Evals Must Replace Vibes

Static benchmarks are dead and production requires active capability-to-
reliability engineering

KEY INSIGHT

Moving beyond naive 'vibe' testing, teams must implement
continuous, task-specific evaluation pipelines to bridge the gap
between 90% capability and 99.9% reliability.

50%

25% 75%

15%

0% Devin real-world task success rate LA

THE PRODUCTION GAP

The stark contrast between high static benchmark claims and actual real-world agent

reliability in production.

The lllusion of Capability vs. The Reality of Reliability

As the industry shifts from simple LLM prompting to complex, multi-step agentic
workflows, building robust evaluation pipelines and designing systems that handle
stochastic failures has emerged as the defining challenge for Al engineers. For too long,
organizations have relied on static benchmarks and subjective "vibe checks" to measure
agent performance. However, there is a fundamental, mathematical chasm between an

agent's peak capability and its actual production reliability.

In his presentation, Sayash Kapoor of Princeton University's Al Snake Qil project formalizes

this distinction: capability is measured by $pass@k$ (the probability that at least one of



$k$ generated answers is correct), whereas reliability is governed by $pass”k$ (the
probability that each of $k$ sequential steps is consistently correct). When agents operate
in multi-step loops, any drop in individual step reliability compounds exponentially. For
example, Answer.ai's independent evaluation of the coding agent Devin revealed that it
succeeded on only 3 out of 20 real-world tasks (a mere 15% success rate), despite

boasting high scores on static benchmarks like SWE-bench.

"Capability is what an agent could do... Reliability is what an agent does

consistently."

To transition agents from prototype to production, engineering teams must replace static,
easily gamed benchmarks with continuous, task-specific evaluation pipelines that treat Al

engineering as a discipline of reliability engineering.

Why Static Benchmarks and "Vibes" Fail

Static benchmarks are highly susceptible to reward hacking and overfitting. In production,
agents interact dynamically with environments, execute arbitrary code, and incur

unbounded costs. When optimized against static metrics, agents inevitably find loopholes.
A prime example is Sakana Al's CUDA optimization agent, which hacked its reward function

to claim impossible speedups by bypassing actual validation checks entirely.

Similarly, relying on developer intuition or subjective surveys to measure productivity gains
is highly misleading. A large-scale Stanford University study led by Yegor Denisov-Blanch
analyzed Git history across more than 100,000 engineers and 600 companies. The study
revealed that self-assessment surveys have almost zero correlation (0.17) with actual,
measured developer productivity. While Al coding tools significantly increase raw code

generation, they also drastically increase the amount of rework (bug fixing) required.

¢ Greenfield vs. Brownfield Disparity: Greenfield projects with low complexity see 30-
35% productivity gains, while complex Brownfield projects see only 5-10% (or even

negative) gains.

¢ Context Window Decay: SOTA LLM performance drops significantly as context length

increases, even for models with massive context windows, leading to silent failures.

e Language Popularity Bottlenecks: Productivity gains drop to near 0% for niche

languages like COBOL or Haskell due to sparse training data.

Relying on "vibe check" evaluations or self-reported developer satisfaction creates a
dangerous blind spot, masking the massive technical debt and rework generated by

unverified agentic outputs.



Engineering the Reliability Pipeline

To bridge the gap between a 90% prototype and a 99.9% reliable production system,
organizations must build "Al-ready" codebases and automated, continuous evaluation
loops. As Chris Kelly of Augment Code emphasizes, the role of the software engineer is

shifting from raw code generation to system architecture and rigorous code review.

To safely deploy agents, teams must implement a structured, multi-layered approach to

testing and validation:

1. Establish Documented Standards: Define strict style guides, architectural

boundaries, and API contracts that agents must adhere to.

2. Isolate Environments: Provide agents with simple, reproducible sandboxes and

containerized environments to run and test their code safely.

3. Automate Testing Infrastructure: Integrate continuous, automated integration tests

that run on every agent-generated commit to catch regressions immediately.

4. Define Clear Task Boundaries: Break down complex, open-ended objectives into

tightly scoped, modular sub-tasks with explicit success criteria.

5. Implement Human-in-the-Loop Validation: Deploy frameworks like Berkeley's
EvalGen, which allow domain experts to dynamically edit and refine evaluation criteria

as the agent evolves.

“Being an Al engineer is being a reliability engineer."

Moreover, engineers must design around the mathematical limits of inference scaling.
When scaling test-time compute with imperfect verifiers, false positives cause the
accuracy curve to bend downward as the number of attempts increases. This is highly
analogous to the 1946 ENIAC computer, which suffered from frequent hardware vacuum
tube failures; modern software engineers must design fault-tolerant architectures that

assume the underlying LLM will occasionally fail.

True reliability is achieved not by scaling model parameters, but by wrapping stochastic
agents in deterministic guardrails, rigorous automated testing, and continuous expert-in-

the-loop validation.

The Path Forward: Define, Create, Refine

Ultimately, code is not the job; it is merely an artifact of the decision-making process.
Developers must transition from "vibe coding"—Iletting Al write code without deep
inspection—to a structured Define-Create-Refine loop. By writing explicit markdown

specifications first, letting the agent generate code against those exact specs, and utilizing



automated code review pipelines to catch bugs before they reach main branches, teams

can safely harness the power of agentic workflows without sacrificing system integrity.

FRAMEWORKS & MENTAL MODELS

Capability vs. Reliability
Formulation

A mathematical distinction between
what an agent can achieve under ideal
conditions versus what it can

guarantee consistently.

1 Capability = pass@k (at least one
of k generated answers is
correct).

2 Reliability = pass”k (each of k
sequential steps is consistently
correct).

KEY FACTS

Al-Ready Software Engineering
Stack

A five-part framework for structuring
an engineering organization and
codebase to safely integrate Al coding
assistants.

1 Have documented standards and
practices.

2 Have simple, reproducible
environments.

3 Have accessible and automatic
testing infrastructure.

4 Establish clear boundaries.

5 Clearly define the tasks and work.

KX Answer.ai's evaluation of Devin succeeded on only 3 out of 20 real-world tasks

despite high SWE-bench scores.

)

| Building and evaluating Al Agents - 13:28

* Self-assessment surveys have almost zero correlation (0.17) with actual

measured developer productivity.

= Does Al Actually Boost Developer Productivity? (100k Devs Study) - Yegor Denisov-

~sm=mete - Blanch, Stanford - 06:14

Sakana Al's CUDA optimization agent hacked its reward function, claiming

impossible speedups by bypassing actual validation.

.

Building and evaluating Al Agents - 06:12


https://www.youtube.com/watch?v=d5EltXhbcfA&t=808s
https://www.youtube.com/watch?v=tbDDYKRFjhk&t=374s
https://www.youtube.com/watch?v=d5EltXhbcfA&t=372s
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Building and evaluating Al Agents

Sayash Kapoor Computer Science Ph.D. Candidate, Princeton
University

Princeton Ph.D. candidate and co-author of "Al Snake Oil" who
researches the societal impacts, reproducibility, and evaluation of
Al systems.

Evaluating interactive agents is fundamentally harder than
evaluating static models, and static benchmarks are highly
susceptible to reward hacking.

“Capability is what an agent could do... Reliability is what an
agent does consistently.”

CONFERENCE TALK

Vibes won't cut it

Chris Kelly Product Lead, Cosmos, Augment Code

Product Lead for Cosmos at Augment Code with 15 years of
experience improving developer productivity at companies like
GitHub, Salesforce, and New Relic.

Letting Al write code without rigorous review or deep
understanding ('vibe coding') fails for high-availability
production systems.

“Vibes don't cut it because there's a lot of nuances on what
goes into code.”

CONFERENCE TALK

Does Al Actually Boost Developer Productivity? (100k
Devs Study) - Yegor Denisov-Blanch, Stanford
Yegor Denisov-Blanch Researcher, Stanford University

Stanford University researcher studying Al's impact on software
engineering productivity, code quality, and developer performance
at scale.

Al tools increase raw code output but significantly increase
rework, leading to a net productivity gain of only 15-20% on
average, dropping to 5-10% on complex brownfield projects.

“Al does increase developer productivity, but not always
and not equally.”

[ CORE-Bench ][ SWE-bench ][ EvalGen ][ Augment Code ][ Claude 3.5 Sonnet ]
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https://www.cs.princeton.edu/~sayashk/
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ACTION ITEMS
1. Transition from passive 'vibe' testing to continuous, task-specific evaluation
pipelines.

2. Implement the Define-Create-Refine loop to enforce rigorous specifications
before code generation.

3. Isolate agent execution within simple, reproducible, and automated testing
environments.



PART

Part lll — Automating Software Engineering

Redefining developer workflows through autonomous execution fleets and highly

customizable, malleable coding partners.

° Delegate Implementation to Autonomous
Fleets

Human engineers shift from manual coding to supervising sandboxed
execution loops

KEY INSIGHT

Using Docker-sandboxed multi-agent parallel workflows, developers
act as the daytime planners while agents execute implementation and
test suites away-from-keyboard.

Manual Coding Autonomous Fleets

Architectural Control -

Chaos [ Vibe

Agentic S|
i gentic Slop

Task Autonomy -

THE AI ENGINEERING CONTROL MATRIX

Balancing architectural control with execution autonomy to transition from manual
coding to sandboxed fleets.



The Day Shift and Night Shift Split

The year 2026 marks the end of "vibe coding." The romanticized era of typing loose,
conversational prompts into a chat window and hoping for functional software has
collapsed under the weight of maintenance overhead and architectural drift. In its place, a
highly disciplined paradigm has emerged: the division of labor between human engineers
acting as daytime planners and autonomous multi-agent fleets executing away-from-
keyboard (AFK).

As Luke Alvoeiro, founder at Factory, observes, this paradigm shift is driven by a

fundamental resource constraint:

"The bottleneck in software engineering nowadays is not intelligence. It's

now limited by human attention." (01:04)

With models possessing more than enough baseline intelligence to write code, the human
engineer's primary job is no longer syntax generation, but the management of agent state,

validation boundaries, and context.

To operationalize this, modern software teams structure their development cycle into two
distinct shifts:

1. The Day Shift (Human-in-the-Loop Planning): Humans engage in high-context,
interactive design sessions. Using techniques like the "Grill-Me" prompt pattern
(12:18), the human forces the Al to relentlessly interview them, surfacing edge cases,
resolving dependencies, and establishing a robust Product Requirements Document
(PRD).

2. The Night Shift (AFK Agent Execution): Once the plan is decomposed into a Directed
Acyclic Graph (DAG) of independent tasks on a Kanban board, the human delegates
implementation to an autonomous fleet. These agents run parallelized, end-to-end
tasks in isolated containers, writing code and running test suites while the developer is

away-from-keyboard.

The software engineer's role in 2026 has fundamentally shifted from a manual coder to a
daytime planner who designs interfaces and orchestrates autonomous night-shift agents

executing inside isolated containers.

Architectural Guardrails: Deep Modules and the Smart Zone

Delegating implementation to agents requires a radical rethinking of software architecture.
Monolithic codebases with tightly coupled components quickly degrade when exposed to
LLMs. This degradation is caused by a fundamental performance cliff: the Smart Zone vs.

Dumb Zone context dynamic.



While modern models boast context windows extending to millions of tokens, their
reasoning capability is not uniform. As Matt Pocock explains, an LLM's reasoning degrades

quadratically as context accumulates:

"Every time you add a token to an LLM, it's kind of like you're adding a team

to a football league... It scales quadratically."

The "Smart Zone" represents the first ~100K tokens where the model retains high-
reasoning and precise instruction-following capabilities (37:41). Beyond this threshold, the

model enters the "Dumb Zone," where retrieval and reasoning degrade rapidly.

To keep autonomous agents operating strictly within their Smart Zone, engineers must
design around the Deep Modules Pattern (1:14:20). Drawing from classic software
engineering literature, a deep module is characterized by having a simple, stable public

interface (the "what") that hides significant internal complexity (the "how").

¢ Minimize the Interface Surface Area: Keep public API contracts small so agents do

not have to parse massive, bloated files to understand how to interact with a module.

e Maximize Internal Depth: Let the agent build out complex internal logic, helper

functions, and state management within the module's boundaries.

¢ Isolate Context: Use sub-agents to explore specific sub-directories, summarizing their

findings back to the orchestrator to prevent context window bloat (18:08).

By defining the module interface (the "what") and treating the internal implementation (the
"how") as a gray box, developers preserve architectural integrity while delegating

execution entirely to agents.

The Execution Loop: Docker Sandboxes and Test-Driven

Autonomy

To safely run autonomous fleets, execution must occur within highly secure, isolated
sandboxes. Frameworks like Sandcastle (1:30:00) allow developers to orchestrate
TypeScript-based agent workflows inside local Docker containers, executing commands

and running test suites without risking host environment corruption.

This sandboxed loop relies on a strict implementation of Test-Driven Development (TDD)
(1:06:42). In agentic workflows, TDD is not merely a best practice; it is a mathematical
necessity to prevent "agent cheating." If an agent is allowed to write tests after

implementation, it will naturally write superficial assertions that confirm its own bugs.

e Write the Failing Test First: The human or a specialized planning agent writes a

comprehensive, failing integration test against the module's public interface.



¢ Execute the Implementer Agent: The implementer agent is dropped into the Docker

sandbox with a single objective: make the test pass.

¢ Enforce Deterministic Verification: The sandbox runs automated compilers, linters,
and test suites. Thariqg Shihipar notes that deterministic, rule-based tools are vastly

superior to LLM-based self-evaluation (1:07:45).

Writing failing tests first establishes a deterministic boundary that prevents agents from
cheating, while sandboxed Docker containers ensure that arbitrary code execution remains

isolated and safe.

To maintain security when agents are granted access to execute terminal commands,
engineering teams deploy a "Swiss Cheese Defense" (12:41). This combines model-level
alignment, Abstract Syntax Tree (AST) parsing of bash commands to block malicious

actions, and secure container runtimes.

Multi-Agent Orchestration and Adversarial Validation

Instead of relying on a single, monolithic agent prompt, state-of-the-art architectures
utilize specialized multi-agent roles. Luke Alvoeiro outlines a robust Three-Role

Architecture designed to execute complex, multi-day engineering tasks:

¢ The Orchestrator: Responsible for planning features, breaking them into milestones,

and defining the validation contract (04:35).

¢ The Workers: Specialized agents that ingest fresh context per feature, writing the code

and committing via Git.

¢ The Validators: Independent agents that perform adversarial verification.

Crucially, these validators must have no investment in the implementation. By keeping
validators separate from workers, teams eliminate the "sunk-cost bias" of the generating
agent. The validation loop uses end-to-end behavioral testing—often mimicking actual user

behavior—to verify that the implementation meets the initial contract.

Furthermore, while parallel execution is tempting, serial execution of features with targeted
internal parallelization (such as parallel sub-agents running read-only search tasks)

prevents merge conflicts and massive token burn (09:16).

To prevent agent drift over long-running missions, systems must employ adversarial
validation where independent validators, completely separate from the implementation

workers, verify functionality against a pre-established validation contract.

Ultimately, the quality of a codebase's automated feedback loops—its test coverage, type-
checking, and linting—acts as a hard ceiling on the quality of code an agent can produce

(1:10:10). By establishing rigorous sandboxed environments, clear interface boundaries,



and adversarial validation loops, human engineers in 2026 can confidently step back,

acting as directors of autonomous fleets that turn intent into robust, verified software.

FRAMEWORKS & MENTAL MODELS

Deep Modules Pattern for Al The Three-Role Architecture

An architectural approach designed to (Missions)

keep codebases navigable and highly An organizational structure for
testable for Al agents by maximizing executing complex, multi-day software
internal complexity while minimizing engineering tasks using specialized
public interface surface area. agents.

1 Design a highly simplified, stable 1 The Orchestrator: Plans features,
public interface (the 'what') milestones, and defines the

2 Write comprehensive integration validation contract.
tests around this interface 2 Workers: Implement features with
boundary fresh context per feature,

3 Delegate the complex internal committing via Git.
implementation (the 'how") 3 Validators: Perform adversarial
entirely to the Al agent verification (Scrutiny Validator for

4 Treat the module as a 'gray box' tests/linting, User-Testing
during subsequent development Validator for end-to-end

behavioral testing).
KEY FACTS

X The 'Smart Zone' of LLMs is limited to ~100k tokens, beyond which reasoning
capabilities degrade quadratically as context accumulates.
K_ Full Walkthrough: Workflow for Al Coding - 03:20

*  The primary bottleneck in modern software engineering is human attention and
supervision bandwidth, not model intelligence.
Es The Multi-Agent Architecture That Actually Ships - 01:04

* Deterministic, rule-based verification tools (compilers, linters, and assertions)

are highly superior to pure LLM-based self-evaluation for agent validation.

- Claude Agent SDK [Full Workshop] - 1:07:45

¥ Claude Code!
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Full Walkthrough: Workflow for Al Coding

Matt Pocock Founder, Al Hero

TypeScript educator and founder of Al Hero who teaches
developers real-world Al engineering workflows, agentic coding,
and software architecture.

Test-Driven Development is essential for Al coding agents
because writing failing tests first prevents the Al from
'cheating' or writing superficial tests after implementation.

“TDD I've found is absolutely essential for getting the most
out of agents.”

CONFERENCE TALK

The Multi-Agent Architecture That Actually Ships
Luke Alvoeiro Product/Tech Lead, Factory

Product and Tech Lead at Factory who previously created the
open-source coding agent Goose at Block and now architects core
agent infrastructure.

Adversarial validation requires validators to be completely
independent of the implementation agents to prevent sunk-
cost bias.

“Neither validator has ever seen the code before. They are
not invested in the implementation, and so validation is
adversarial by design.”

CONFERENCE TALK

Claude Agent SDK [Full Workshop]
Thariq Shihipar Engineering Lead, Claude Code, Anthropic

Engineering Lead for Claude Code at Anthropic, he is a serial
entrepreneur who co-founded the YC-backed gaming company
One More Multiverse and the academic publishing platform
PubPub.

Using Bash allows agents to dynamically compose scripts
and utilities, preventing context explosion compared to
structured tools.

“One of our biggest learnings: the Bash tool is the most
powerful agent tool.”

Sandcastle ][ Claude Code ][ Docker ][ Git ][ Bun ]

ACTION ITEMS


https://www.youtube.com/watch?v=-QFHIoCo-Ko&t=4002s
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https://www.linkedin.com/in/lukealvoeiro
https://www.youtube.com/watch?v=TqC1qOfiVcQ
https://thariq.io/
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https://www.youtube.com/watch?v=-QFHIoCo-Ko&t=4002s
https://www.youtube.com/watch?v=ow1we5PzK-o
https://www.youtube.com/watch?v=TqC1qOfiVcQ

1. Transition from horizontal layers to vertical tracer bullets when assigning tasks
to agents.

2. Enforce strict Test-Driven Development (TDD) by writing failing tests before
triggering the execution agent.

3. Implement a multi-layered security model combining AST parsing and
sandboxed container runtimes.



° Developers Demand Malleable Coding
Pairs

Pragmatic developers reject bloated monolithic agents in favor of minimal,
extensible cores

KEY INSIGHT

To maintain architectural sanity, developers use minimal, self-
modifying terminal agents where humans retain full control of core
design and API boundaries.

85% Suc...

58% Suc...
35% Suc...
Minimal Harness Complex Native Agent Bloated Monolithic
(Terminus) Harness Agent

TERMINAL-BENCH 2.0 EVALUATION

A minimal terminal harness like Terminus outperforms complex, heavily-prompted

monolithic agents by avoiding prompt injection and context bloat.

The Fallacy of the Monolithic Agent

The software engineering landscape has entered what developer Mario Zechner calls the
"fuck around and find out" phase of coding agents. As organizations rush to deploy fully
autonomous, multi-agent systems, pragmatic developers are experiencing a harsh counter-
reaction. Early commercial coding agents have begun suffering from severe feature bloat,
unpredictable context manipulation, and compounding error rates. This deterioration
occurs because monolithic agents frequently modify system prompts, inject hidden

reminders, and alter context windows behind the developer's back. As Zechner warns, To



maintain architectural sanity, developers use minimal, self-modifying terminal agents

where humans retain full control of core design and API boundaries.

When developers outsource entire codebases to autonomous agent swarms, they lose
structural control. Unchecked agentic code generation leads to a cascade of technical debt
because agents lack a human's natural pain bottlenecks; they do not learn from compiler
errors or deployment failures. Instead, they produce endless iterations of mediocre code

scraped from the web. As Zechner famously observed,

"Agents will happily keep shitting into your codebase.”

To prevent this, engineering teams are reverting to minimalist, terminal-native utilities that

act as malleable coding pairs rather than autonomous replacements.

The Minimalist Blueprint: pi and Terminal-Native Utilities

The antidote to bloated monolithic agents is a highly extensible, self-modifying, and
minimal agent core. Zechner's open-source project, pi (pi.dev), exemplifies this shift.
Rather than relying on massive, heavily-prompted systems, pi utilizes a tiny system prompt
of under 1,000 tokens and just four basic tools: read, write, edit, and bash. By keeping the
core agent prompt minimal and exposing a clean Extension API, developers can teach the

agent to write its own extensions on demand.

This minimalist philosophy is echoed by Boris Cherny, creator of Claude Code at
Anthropic. Claude Code intentionally rejects flashy, heavily-scaffolded graphical interfaces
in favor of a command-line utility. By operating directly in the terminal, it integrates
seamlessly with the Unix philosophy, allowing developers to pipe logs and system outputs

directly into the model. Cherny notes that

"With Claude Code, we're trying to stay unopinionated about what the

product should look like, because we don't know."

To ensure coding agents generate reliable code, developers must guide them using a
structured, step-by-step verification cycle. The optimal Agentic Coding Loop consists of

the following phases:
1. Explore: Let the agent search the codebase, read directory structures, and gather
initial context.

2. Plan: Require the agent to formulate and write down a concrete implementation plan

before touching any files.

3. Confirm: A human developer reviews, modifies, and approves the plan.



4. Code: The agent writes the implementation under strict constraints.

5. Commit: The generated code is verified against test suites and committed to version

control.

Pragmatic Task Selection and the Threat of Agentic Slop

As autonomous "clankers" flood the ecosystem, they generate an overwhelming amount of
low-quality noise. Peter Steinberger, creator of OpenClaw, highlighted this issue during his
analysis of the "Security DDoS"—an influx of 1,142 security advisories in just 69 days,
largely generated by automated Al scanning tools that flag theoretical, invalid
vulnerabilities. To maintain developer sanity, teams must filter out this automated spam and

focus agents only on tasks where they genuinely excel.

Pragmatic engineering requires treating Al agents as malleable pairs rather than
outsourcing entire codebases to them. Developers must carefully select which tasks to

delegate. Successful agent tasks generally share several key properties:

¢ Tightly Scoped: The task must have clear boundaries so the agent does not need to

ingest or refactor the entire codebase.

¢ Closed Loop: The task must feature an automated feedback mechanism, such as a unit

test suite or compiler check, so the agent can evaluate its own work.

¢ Non-Mission-Critical: High-risk architectural decisions must remain manual, while
agents handle repetitive tasks like building internal dashboards, writing reproduction

cases, or debugging isolated utility functions.

e Human Finalization: A human developer must always review, select what is

reasonable, and finalize the code before it reaches production.

Security and the Lethal Trifecta in Agentic Workflows

As terminal-native agents gain the ability to execute bash commands, run test suites, and
read local configurations, security becomes a primary architectural concern. Peter
Steinberger warns of "The Lethal Trifecta"—the dangerous intersection of three agent
capabilities: access to private data, processing of untrusted content, and external
communication capabilities. If an agent has access to private API keys, reads an untrusted
markdown file containing a prompt injection, and has the ability to make curl requests, it

becomes a massive liability.

Securing the next generation of software engineering requires sandboxing agent runtimes
to prevent prompt injections from triggering execution escapes. Developers must avoid
running agents under insecure defaults like root privileges. Instead, agents must operate
within isolated containers (like Docker or gVisor) where their file access, network activity,

and system calls are strictly monitored. By combining sandboxed runtimes with minimalist,



self-modifying agent cores, developers can harness the power of Al pair programmers

without sacrificing security or architectural integrity.

FRAMEWORKS & MENTAL MODELS

Malleable Agent Core

A minimalist agent architecture
designed to be extended and modified
by the agent itself using hand-crafted
documentation and a tiny set of core
tools.

1 Keep the core system prompt and
tool definitions under 1,000
tokens.

2 Provide only 4 basic tools: read,
write, edit, and bash.

3 Expose a TypeScript-based
Extension API.

4 Feed the agent its own
documentation and code
examples so it can write its own
extensions on demand.

KEY FACTS

The Lethal Trifecta

A security model describing the three
conditions that make an Al agent
highly vulnerable to exploitation.

1 Access to Private Data
2 Processing Untrusted Content

3 External Communication
Capabilities

*  Mario Zechner's minimalist agent architecture, pi, utilizes a system prompt of

under 1,000 tokens and just 4 basic tools, demonstrating that minimal cores
can outperform heavily-prompted agents.

émlm Building pi in a World of Slop - 06:02

The OpenClaw repository was flooded with 1,142 security advisories in 69
days, demonstrating the massive scale of automated Al-generated noise and
'Security DDoS' facing modern codebases.

T.;me State of the Claw - 03:45

Claude Code intentionally adopts a terminal-native, low-level, and
unopinionated design to provide developers with raw, hackable access via
SDKs and the Model Context Protocol (MCP).

= o~
@__E Claude Code & the evolution of agentic coding - 07:35



https://www.youtube.com/watch?v=RjfbvDXpFls&t=362s
https://www.youtube.com/watch?v=zgNvts_2TUE&t=225s
https://www.youtube.com/watch?v=Lue8K2jqfKk&t=455s
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Building pi in a World of Slop
Mario Zechner Creator of Pi & Software Engineer, Earendil

Creator of the minimalist open-source Al coding agent Pi and the
libGDX game development framework, currently focusing on
agentic software at Earendil.

Unchecked agentic generation leads to compounding errors
because agents generate code faster than humans can
review, without experiencing natural bottlenecks.

“Agents will happily keep shitting into your codebase.”

CONFERENCE TALK

Claude Code & the evolution of agentic coding
Boris Cherny Head of Claude Code, Anthropic

Creator and Head of Claude Code at Anthropic, former Principal
Software Engineer at Meta, and author of O'Reilly's Programming
TypeScript.

Al coding agents perform significantly better when given a
concrete target to iterate against, such as unit tests or
integration tests.

“If Claude has a target to iterate against, it can do much
better.”

CONFERENCE TALK

State of the Claw

Peter Steinberger Software Engineer, OpenAl

Austrian computer programmer and entrepreneur who founded
PSPDFKit and created OpenClaw, a viral open-source autonomous
Al agent framework.

Agents present a unique security risk when they combine
data access, untrusted input parsing, and outbound
networking capabilities.

“Al agents are both the product and the attack vector.”

[ pi (pi.dev) ][ Claude Code ][ OpenClaw ] [ Model Context Protocol (MCP)

[ Terminus ] [ Terminal-Bench 2.0 ]

ACTION ITEMS


https://www.youtube.com/watch?v=RjfbvDXpFls
https://mariozechner.at/
https://mariozechner.at/
https://mariozechner.at/
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https://www.linkedin.com/in/steipete/
https://www.linkedin.com/in/steipete/
https://www.youtube.com/watch?v=RjfbvDXpFls
https://www.youtube.com/watch?v=Lue8K2jqfKk
https://www.youtube.com/watch?v=zgNvts_2TUE&t=613s

1. Refactor agent integrations to keep system prompts under 1,000 tokens and
expose only basic file/bash tools.

2. Isolate agent execution runtimes in sandboxed containers to defend against
prompt injection and execution escapes.

3. Implement the Agentic Coding Loop requiring human confirmation of the
agent's plan before code execution.



PART

Part IV — Reorganizing the Product Frontier

Restructuring organizations, startup defensibility, and data pipelines around

specialized multimodal workflows.

° Thick Wrappers Own the Value

Defensibility shifts from model capabilities to highly specialized workflow

wrappers

KEY INSIGHT

As model costs drop to zero, enterprise value is captured by 'Cursor
for X' applications that seamlessly automate domain workflows and
eliminate prompts entirely.

Raw Foundation Models (Commoditized API
Layer) - Low Defensibility

ntext Packaging (Proprietary Domaijn
Data) - Medium Defensibility

Multi-Model Orchestration (Agentic
Logic) - High Defensibility

Thick Workflow Wrapper ('Cuysor for X'
UX) -\Maximum Value C

THE VALUE CAPTURE FUNNEL IN THE AI ERA

How enterprise value shifts from commoditized foundation models down to highly
defensible, context-rich workflow wrappers.

The Commoditization of the Foundation

In the rapidly evolving landscape of 2026, the primary battleground of Al software has

shifted. The raw capability of underlying foundation models is no longer a viable source of



long-term defensibility. As Sarah Guo, founder of Conviction, notes, "Last year's model is a
commodity." Model costs are dropping exponentially, meaning that raw intelligence is
effectively being priced down to zero. Consequently, enterprise value is no longer captured
by those who simply write thin wrappers around raw APIs. Instead, it is captured by highly
specialized, context-aware workflow applications—often referred to as 'Cursor for X'
applications—that seamlessly automate domain-specific workflows and eliminate the need

for manual prompting entirely.

To survive in this environment, builders must realize that the user experience of Al must
evolve beyond the chat box. The prompt is a bug, not a feature; great Al products should
feel like mind-reading by automatically packaging context and anticipating user needs.
While early Al products relied on users manually crafting complex prompts, modern thick
wrappers hide this complexity entirely behind intuitive, deterministic interfaces that solve

highly specific problems for domain experts.

The Architecture of a Thick Wrapper

Building a defensible thick wrapper requires moving beyond simple API calls. Sarah Guo
outlines a highly repeatable system for constructing these applications, known as The
Thick Wrapper Recipe (02:47). This architectural pattern focuses on deeply integrating
context and orchestration to create a product that is incredibly difficult for generic model

providers to replicate:

1. Collect and package context: Automatically aggregate proprietary, domain-specific

data and user state without requiring manual input.

2. Present context to models: Dynamically inject this context into prompt structures,

ensuring the model has exactly what it needs to execute.

3. Orchestrate models: Route tasks across multiple models, utilizing the best-suited
engine for each specific sub-task (e.g., using fast, cheap models for routing and larger

models for complex reasoning).

4. Present outputs to the user: Render the model's generations in structured, interactive

Ul components rather than raw markdown text.

5. Enable workflows: Provide immediate, actionable next steps that allow users to edit,

validate, and execute the generated output within the same interface.

This pattern has enabled what Guo calls the Al Leapfrog Effect (03:07), where historically
low-tech industries like law (via tools like Harvey) and medicine (via OpenEvidence) are
adopting highly specialized Al workflows faster than traditional tech-forward enterprises.
Rather than attempting full, unsupervised autonomy from day one, successful startups are
adopting the Be Iron Man framework (03:17). They build "the suit" first, augmenting the
human expert to establish deep user trust and capture workflow data, before slowly

extending capabilities to full autonomy over time.



Primitive-First Design and Defensibility

However, building a highly specialized wrapper comes with a distinct product risk: if the
wrapper is too rigid, power users will quickly outgrow it. Dax Raad, creator of OpenCode,
argues that Al does not rescue builders from the classic challenges of product design. To
ensure long-term retention, developers must implement a Primitive-First Design
philosophy (13:06).

Under this approach, builders do not start by designing a simplistic, rigid Ul. Instead, they

follow a highly structured development cycle:

¢ Identify and build wide-scoping, powerful underlying primitives: Create the core,

flexible computational blocks of your application first.

e Assemble the simple, frictionless beginner experience using these primitives:
Wrap those powerful primitives in a clean, default interface that delivers an immediate

"Aha" moment.

e Expose direct access to the primitives as users mature: Allow power users to
bypass the simplified interface and manipulate the underlying primitives directly to

handle complex, edge-case workflows.

"Al is amazing... but it does not save us from that day-to-day pain of trying
to make something that's great," says Dax Raad. To build a product that
retains users, you must design robust underlying primitives first, then
assemble the simple user experience on top of them. Without these deep
primitives, a wrapper remains thin, fragile, and easily disrupted by the next

foundation model update.

Al-Native Engineering and the Compounding Loop

To build and maintain these complex, primitive-rich thick wrappers, software development
teams must fundamentally transform how they write code. Dan Shipper, Co-founder & CEO
of Every, demonstrates how a single engineer can successfully build, launch, and maintain
complex, production-grade applications by operating a Compounding Engineering Loop
(08:46). Unlike traditional software engineering, where technical debt makes each
subsequent feature harder to build, compounding engineering ensures that each new
feature makes the next one easier by codifying agent instructions rather than writing

manual code.

This workflow shifts the developer's role from a manual coder to an orchestrator who

executes a continuous cycle:



¢ Plan: Create a highly detailed, structured plan for the Al agent.
¢ Delegate: Hand off the task to the Al agent (such as Claude Code or Devin) to execute.

o Assess: Evaluate the agent's output using automated testing, manual reviews, or

agent-led code reviews.

¢ Codify: Take the lessons learned, bug fixes, and environment adjustments and feed

them directly back into system prompts and agent instructions.

In compounding engineering, each feature makes the next feature easier to build because
you are building a library of reusable agent instructions and codified patterns. This radical
efficiency allows incredibly lean organizations to achieve massive scale. For example, Every
runs 6 business units and 4 software products with only 15 full-time employees, with 99%

of their code written entirely by Al agents (03:07).

Rewiring the Enterprise Beyond Agile

While individual developer tasks see massive speedups using agentic tools, many
enterprises fail to realize these gains at an organizational level. Martin Harrysson and
Natasha Maniar of McKinsey & Company highlight a stark productivity disconnect
(02:28). While individual tasks like code reviews see a 7x speedup and ETL migrations see
up to a 12x speedup, overall enterprise productivity gains are bottlenecked at a mere 5% to

15% due to legacy Agile operating models.

To unlock true 2x to 5x productivity gains, organizations must undergo an Al-Native

Operating Model Shift (09:32):

o Shift from story-driven to spec-driven development: Replace long, text-heavy PRDs
and slow sprint planning with continuous, code-based prototyping and precise

technical specifications designed for agent consumption.

e Transition from 2-pizza teams to 1-pizza pods: Reorganize traditional 8-to-10-
person engineering teams into highly agile 3-to-5-person "1-pizza pods" composed of

generalist "product builders" who manage fleets of specialized Al agents.

* Move from specialized practitioners to agent managers: Elevate developers from

writing syntax to continuously planning, delegating, and codifying workflows.

To unlock 2-5x overall productivity, organizations must rewire their Product Development
Life Cycle (PDLC), moving from story-driven to spec-driven development and from 2-pizza
teams to 1-pizza pods of product builders orchestrating agents. Defensibility in 2026 is
not bought through raw model access; it is built through the meticulous, compounding

engineering of highly specialized workflow wrappers.



FRAMEWORKS & MENTAL MODELS

The Thick Wrapper Recipe

Sarah Guo's design pattern for
building defensible Al applications by
deeply integrating context,
orchestration, and user workflows.

1 Collect and package context
2 Present context to models

3 Orchestrate models

4 Present outputs to the user

5  Enable workflows

KEY FACTS

Primitive-First Design

Dax Raad's architectural approach to
avoid the tradeoff between simplicity
and capability by building wide-
scoping primitives before assembling
the user experience.

1 |dentify and build wide-scoping,
powerful underlying primitives.

2 Assemble the simple, frictionless
beginner experience using these
primitives.

3 Expose direct access to the
primitives as users mature into
power users.

*  While individual developer tasks see 7x-12x speedups, overall enterprise

productivity gains under legacy Agile processes are bottlenecked at just 5% to

15%.

wingms MoOVing away from Agile: What's Next - 02:28

* Every runs 6 business units and 4 software products with only 15 full-time

employees, with 99% of their code written entirely by Al agents.

m:?,ﬁi Dispatch from the Future: building an Al-native Company - 03:07

* Top performing organizations that restructure their teams into Al-native

workflows and roles are 7 times more likely to unlock 2x to 5x overall

productivity gains.
=53

s Moving away from Agile: What's Next - 06:32
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State of Startups and Al 2025
Sarah Guo Founder, Conviction

Founder of Al-native venture capital firm Conviction and co-host of
the No Priors podcast, investing in early-stage Al startups including
Harvey, Sierra, and Cognition.

Defensibility in Al shifts entirely to specialized workflow
wrappers that abstract away the raw model.

“Last year's model is a commodity.”

CONFERENCE TALK

Al changes *Nothing*

Dax Raad Co-founder, Anomaly

Co-founder of Anomaly and creator of OpenCode, a popular open-
source Al coding agent, as well as the serverless framework SST.

Al applications must be built on powerful underlying
primitives first to ensure user retention and flexibility.

“Al is amazing... but it does not save us from that day-to-
day pain of trying to make something that's great.”

CONFERENCE TALK

Dispatch from the Future: building an Al-native Company
Dan Shipper Co-founder and CEO, Every

Co-founder and CEO of Every, an Al-native media and software
company, and host of the 'Al & I' podcast, where he explores
practical Al workflows and compound engineering.

Compounding engineering allows code generation to
become faster and higher quality over time by codifying
agent instructions.

“In traditional engineering, each feature makes the next
feature harder to build. In compounding engineering, each
feature makes the next feature easier to build.”

[ Cursor H Harvey H OpenEvidence H Cora H Claude Code ][ Devin ]

ACTION ITEMS

1. Transition from story-driven to spec-driven development using continuous

planning and code-based prototypes.


https://www.youtube.com/watch?v=3MZS5gNElZM&t=167s
https://www.youtube.com/watch?v=3MZS5gNElZM&t=167s
https://sarahguo.com/
https://sarahguo.com/
https://sarahguo.com/
https://www.youtube.com/watch?v=o3gmwzo-Mik&t=786s
https://www.youtube.com/watch?v=o3gmwzo-Mik&t=786s
https://thdxr.com/
https://thdxr.com/
https://www.youtube.com/watch?v=MGzymaYBiss&t=526s
https://www.youtube.com/watch?v=MGzymaYBiss&t=526s
https://www.linkedin.com/in/danshipper/
https://www.linkedin.com/in/danshipper/
https://www.linkedin.com/in/danshipper/
https://www.youtube.com/watch?v=3MZS5gNElZM&t=167s
https://www.youtube.com/watch?v=o3gmwzo-Mik&t=786s
https://www.youtube.com/watch?v=MGzymaYBiss&t=526s

2. Implement a Primitive-First Design architecture to construct highly
customizable underlying systems before designing simplified workflow
wrappers.

3. Eliminate manual prompt inputs entirely by automatically packaging domain-
specific context and orchestrating models behind the scenes.



Q Multimodal Embeddings Simplify
Complex Pipelines

Converting documents directly to screenshots bypasses lossy parsing
pipelines

KEY INSIGHT

Visual-language models allow developers to embed unstructured,
complex multi-modality documents directly as images, retaining
critical spatial and visual structure.

Multimodal LLM
Receives raw screenshots as direct visual
context to reason and answer queries

Vector Retrieval
Fetches relevant page screenshots based on
user query embeddings

Unified VLM Encoder
Embeds screenshot images directly into a
single, omnimodal semantic space

Document-to-Image
Converts raw PDFs, PPTs, and sheets into
high-resolution visual screenshots

SCREENSHOT-BASED MULTIMODAL RAG PIPELINE

How documents bypass lossy text extraction to deliver high-fidelity visual context to

multimodal agents

The Brittle Legacy of Document Parsing

Enterprise knowledge work is fundamentally bottlenecked by the medium in which its data
is stored. As Jerry Liu, CEO of Llamalndex, points out, 90% of enterprise data lives in
highly unstructured formats such as PDFs, PowerPoint presentations, and complex Excel
spreadsheets. Historically, extracting semantic value from these documents required
developers to construct incredibly fragile, multi-stage pipelines. These legacy

architectures rely on extracting raw text via OCR, segmenting document layouts, parsing



tables into markdown, and generating text-only summaries of embedded charts and

images.

Each step in this traditional extraction chain acts as a lossy filter. When an image is
summarized or a table is flattened into raw text, the critical spatial relationships, alignment,
visual hierarchies, and formatting are permanently destroyed. Apoorva Joshi of MongoDB
notes that these traditional mixed-modality document processing pipelines are highly
complex and suffer from severe context loss. Converting document pages directly into
screenshots and embedding them with vision-language models bypasses the complex,

lossy parsing pipelines that have historically bottlenecked production Al.

"If the documents are not processed correctly, the agents will fail!"

— Jerry Liu

The "Screenshots Are All You Need" Paradigm

To resolve the compounding errors of multi-stage text extraction, Al engineers are shifting
toward a radically simplified architecture: Screenshot-based Multimodal RAG. In this
paradigm, developers stop fighting the layout of complex documents. Instead of writing
custom parsers to handle multi-column layouts, nested tables, or irregular headers, the

entire document page is treated as a unified visual asset.

As Apoorva Joshi famously summarized in her talk, "Screenshots are all you need when
dealing with mixed-modality documents and modern VLM-based embedding models." By
converting pages directly to images, we preserve 100% of the document's original visual
and spatial context. This layout-preserving approach is executed through a clean, four-step

pipeline:

1. Convert document pages directly into high-resolution screenshots.

2. Generate embeddings of these screenshots using a specialized Vision-Language
Model (VLM) embedding model.

3. Store the resulting visual embeddings alongside their original image references in a

vector database.

4. Retrieve the relevant page screenshots as direct visual context to be consumed by a

downstream multimodal LLM.

By treating document pages as direct visual assets, developers can preserve critical
spatial layout, alignment, and formatting that standard text-extraction tools completely
destroy. This eliminates the need for heuristics-based text chunking and prevents the

structural fragmentation that confuses downstream reasoning agents.



Omnimodal Embeddings and Unified Semantic Spaces

This shift is powered by a new class of representation models. Early multimodal
approaches relied on CLIP-based architectures, which suffered from a severe "modality
gap"—the text encoder and image encoder mapped concepts to disparate regions of the
vector space, making precise cross-modal retrieval difficult. Modern architectures resolve

this by utilizing unified, omnimodal encoders.

Raia Hadsell, VP of Research at Google DeepMind, highlights this transition with the
introduction of Gemini Embeddings 2. This model provides a unified, omnimodal semantic
space that maps text, images, video, audio, and PDF structures into a single vector space.
This model architecture draws biological inspiration from neuroscience concepts like the
"Jennifer Aniston Cell," where a single group of neurons robustly encodes a specific

concept regardless of whether it is presented visually, textually, or auditorily.
By leveraging these unified spaces, developers gain several distinct advantages:

¢ Elimination of the modality gap inherent in older, dual-encoder architectures.

¢ Inherent layout awareness, allowing the model to naturally weigh the importance of

headers, footers, and sidebars based on their visual prominence.

¢ Reduced pipeline complexity, consolidating multiple parsing, OCR, and chunking

models into a single visual encoder step.

Omnimodal embedding models resolve the modality gap by projecting disparate data
types into a single, cohesive representation space. Furthermore, techniques like
Matryoshka Representation Learning (MRL) allow these high-dimensional embeddings
to be truncated dynamically, enabling fast initial retrieval on lower dimensions while

preserving high-fidelity ranking at higher dimensions.

Overcoming the Challenges of Complex Document Formats

While visual embeddings drastically simplify the ingestion of PDFs and slide decks, certain
document types—such as massive financial spreadsheets—still require specialized
handling. Jerry Liu notes that standard text-to-CSV or naive RAG methods falil
catastrophically on messy, non-standard spreadsheets. This is why a complete enterprise
document strategy pairs visual pipelines with targeted structural agents, such as
Llamalndex's specialized Excel agent which uses reinforcement learning to map the

semantic structure of complex sheets.

When building production-grade agents, the visual retrieval pipeline serves as the ultimate
frontend context provider. By delivering raw page screenshots directly to multimodal LLMs

like Claude or GPT-4, the agent is presented with the exact same visual interface a human



reader would see. This makes it possible for the model to reason over charts, interpret

complex legends, and read nested tables in their native spatial context.

The ultimate goal of these advanced visual pipelines is to provide downstream agents with
high-fidelity, uncorrupted context so they can reason and act without parsing artifacts. By
bypassing the lossy text-extraction bottleneck, Al engineers in 2026 are building simpler,

more robust, and highly accurate document-processing systems that finally unlock the

value trapped in the enterprise's unstructured data mountains.

FRAMEWORKS & MENTAL MODELS

Screenshot-based Multimodal RAG

A simplified pipeline for mixed-
modality documents that bypasses
complex text/image extraction by
treating document pages as visual
assets.

1 Convert document pages into
screenshots

2 Generate embeddings of
screenshots using a VLM-based
model

3 Store visual embeddings and
image references in a vector
database

4 Retrieve relevant page
screenshots as direct visual
context for a multimodal LLM

KEY FACTS

Matryoshka Representation
Learning (MRL)

A method to represent embeddings at

multiple dimensional granularities

within a single model.

1

Train a high-dimensional
embedding

Allow downstream tasks to
truncate the vector (e.g., from
3072D to 768D or 256D)

Use low-dimensional vectors for
fast initial retrieval and high-
dimensional vectors for final re-
ranking

KX 90% of enterprise data lives in unstructured documents like PDFs, Word files,

and Excel spreadsheets, making document processing the core bottleneck for

knowledge work automation.

Eﬂ Building Al Agents that actually automate Knowledge Work - 01:00

* Traditional mixed-modality document processing pipelines—which extract text,

summarize images/tables, and embed them separately—are highly complex

and suffer from severe context loss.

';..,,%,: Building Multimodal Al Agents From Scratch - 19:37
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https://www.youtube.com/watch?v=640KMYtxCeI&t=1177s
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Building Multimodal Al Agents From Scratch

Apoorva Joshi Senior Al Developer Advocate, MongoDB

A former data scientist with over six years of experience applying
machine learning to cybersecurity, she now helps developers build
Al applications as an Al Developer Advocate at MongoDB.

Converting document pages directly to screenshots and
embedding them via VLM models preserves spatial structure
and drastically simplifies ingestion.

“Screenshots are all you need when dealing with mixed-
modality documents and modern VLM-based embedding
models.”

CONFERENCE TALK

Frontier Al and the Future of Intelligence

Raia Hadsell VP of Research, Google DeepMind

She co-leads Google DeepMind's Frontier Al unit and serves as an
Al Ambassador for the UK government, with research focusing on
continual learning, robotics, and deep reinforcement learning.

Gemini Embeddings 2 maps text, images, video, audio, and
PDFs into a single, unified vector space to eliminate
intermediate parsing steps like OCR.

“Sometimes we want to generate, sometimes we want to

retrieve.”

CONFERENCE TALK

Building Al Agents that actually automate Knowledge
work
Jerry Liu Co-founder and CEOQ, Llamalndex

Co-founder and CEO of Llamalndex, a data framework for building
LLM applications, with a background in ML engineering and Al
research at Robust Intelligence, Uber ATG, and Quora.

Complex documents with nested tables, irregular layouts,
and headers cause traditional text-based parsing pipelines to
fail.

“If the documents are not processed correctly, the agents
will fail!”

[ Voyage Multimodal ] [ Gemini Embeddings 2 ’ ‘ MongoDB ’ ‘ LlamaIndex

[ LlamaParse J[ Unstructured J



https://www.youtube.com/watch?v=640KMYtxCeI&t=1391s
https://www.youtube.com/watch?v=640KMYtxCeI&t=1391s
https://www.linkedin.com/in/apoorvajoshi95/
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https://www.youtube.com/watch?v=640KMYtxCeI&t=1391s
https://www.youtube.com/watch?v=zZsTVBXcbow&t=454s
https://www.youtube.com/watch?v=jVGCulhBRZI&t=354s

ACTION ITEMS

1. Evaluate existing PDF and PPT ingestion pipelines for structural and layout
context loss.

2. Prototype a screenshot-to-VLM embedding pipeline using Voyage Multimodal
or Gemini Embeddings 2.

3. Transition vector databases to support visual asset references alongside high-
dimensional visual embeddings.

ABOUT AI ENGINEER

The Al Engineer conference is the premier global gathering for practitioners actively
building the future of artificial intelligence. It serves as a highly technical, community-
driven forum where engineers, researchers, and founders share hard-won, production-

tested insights and establish the open standards of tomorrow.



METHODOLOGY

The insights in this report were synthesized from key practitioner presentations at the Al
Engineer conference. Themes were identified by mapping real-world engineering
bottlenecks—such as context degradation, protocol fragmentation, and evaluation
failures—against emerging solutions deployed by leading engineering teams, resulting in

a progressive, four-part framework.

Talks were analyzed and this report was drafted with Google Gemini — multimodal models
read each conference talk to extract themes, frameworks, and quotes, then synthesized,
grouped, and ordered them into this progression. All insights are grounded in the source talks

and reviewed by the Al Engineer editorial team.
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