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Engineering AI Systems
and Agents

Omar Khattab

Lecture 1: Language Models as a Computational Primitive



We can now specify arbitrary intelligent behavior
directly in natural language.

How do we use that ability to build systems...
that are reliable, efficient, and maintainable?

Can there even be a principled approach to engineering
such systems around LLMs? This course says YES.
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Today

Intelligent software systems1

How language models acquire their capabilities2

Engineering systems around language models3
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Part 1

Intelligent Software?
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RESEARCH INTERESTS
"Reducing an LLM's memory
use during inference, without
updating its weights."

↓
TODAY'S DIGEST

1 Decode-Time Compression of the
Attention Cache Without Retraining
cs.CL · new submission

2 Activation Quantization for Long-
Context Inference
cs.LG · new submission

3 Pruning Attention Heads in Frozen
Language Models
cs.CL · cross-list

6.S978 Lecture 1 6arxiv.org/list/cs.CL/new, September 4, 2026



papers = arxiv.fetch(["cs.CL", "cs.LG"], since=yesterday())
papers = [p for p in papers if p.id not in seen]

selected = [p for p in papers
            if is_relevant(p, interest)
]

smtp.send(render_digest(selected), to=researcher.address)
seen.update(p.id for p in papers)
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def is_relevant(paper, interest):
    text = paper.abstract.lower()
    return ("memory" in text and "inference" in text)

2010 2015 2020 2026

Suppose it is 2010. How would you solve this?!
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PAPER A
We reduce memory during training by recomputing intermediate activations
instead of storing them. Inference throughput is unchanged.
Selected

PAPER B
We compress the attention cache during generation, using the model’s exist‐
ing weights without further training.
Rejected

As you might expect, heuristics like these are very brittle!

2010 2015 2020 2026
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Not a strawman. People still
use keywords for alerts!

2010 2015 2020 2026

6.S978 Lecture 1 10Google Alerts, September 7, 2026.



Suppose it is 2015. What would you do now?

model = LSTM(vocab=50_000, hidden=12)
head  = Linear(12, 12)
train(model, head, labeled_papers)  # 200 labels

def is_relevant(paper, interest):
    score = sigmoid(head(model(paper.abstract))).item()
    return score > 0.5

This randomly-initialized LSTM must essentially learn English, then this research field, then this
researcher's particular taste... from two hundred labels?

2010 2015 2020 2026
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Suppose it is 2020.

model = BertClassifier("bert-base")
finetune(model, labeled_papers)   # 200 labels

def is_relevant(paper, interest):
    # notice: interest is unused
    return model(paper.abstract) > 0.5

This might begin to show signs of life? But if interests change, we may need a lot of new labels.

2010 2015 2020 2026
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So far, the only way to specify the task
was to show examples of it.

It is 2026. What could you do now?

2010 2015 2020 2026
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def is_relevant(paper, interest):
    answer = llm(f"Does this paper address the interest? true or false\n"
                 f"Interest: {interest}\nAbstract: {paper.abstract}")
    return answer == "true"

Prompt an LLM with the specification of the task!

2010 2015 2020 2026
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A new primitive: you can request an operation by its meaning.

AI functions is_relevant(paper, interest)

Libraries papers = arxiv.fetch(["cs.CL"])
x = np.linalg.solve(A, b)

Python s = a + b
d = {"paper": p, "score": 0.9}

C s = malloc(strlen(a) + strlen(b) + 16);
strcpy(s, a); strcat(s, b);
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PAPER A
We reduce memory during training by recomputing intermediate activations in‐
stead of storing them. Inference throughput is unchanged.
is_relevant → false

PAPER B
We compress the attention cache during generation, using the model’s exist‐
ing weights without further training.
is_relevant → true
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But what should we ask the LLM exactly?

True or false?
A score? A ranking? What if the abstract

doesn't tell us enough?

Same answer if
we ask twice? Is a better model

worth the extra cost?

How do we know
this actually works? What if the researcher's

interests change?
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Part 2

How language models
acquire their capabilities
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What do people want from a language model?

What do AI Engineers want from LLMs?

How?

understand language know facts follow instructions think harder for difficult tasks use tools
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Put it out in the world. Reward it when it does what we ask!

Challenge?

Idea 1: reinforcement learning

For a very, very long time, it just does random things.✕

It has no idea what the different instructions mean.✕

When a reward finally arrives, can it tell what it was for?✕
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Show it questions and good answers.
Dataset Example question

SQuAD Wikipedia Which NFL team represented the AFC at Super Bowl 50?

HotPotQA two Wikipedia pages At which university does the biographer of John Clare teach?

MS MARCO Bing queries what is the agenda for hollande’s state visit to washington

Natural Questions Google queries can you make and receive calls in airplane mode

Challenges?

Idea 2: supervised learning

Where do the answers come from? Where do the questions come from?!✕

How many questions and answers will we need to collect?✕
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What if we could learn from millions of times more text than we could label?

Google, 2007. Two trillion tokens of text, counted into n-grams.

People trained language models at scale
twenty years ago!

So what makes a modern LLM actually
work?

Many things. First: deep learning, at
scale.

Idea 3: predict the next token on the whole Web

6.S978 Lecture 1 22



The Eiffel Tower is located in , France.

She crossed the street, checking for traffic over  shoulder.

The value I got from the two hours watching this movie was the sum total of the
popcorn and the drink. The movie was .

A shirt is $40 but we have a 25% discount; the sale price is $ .

def solve(problem): 

An early bet: the only way an LLM can reliably predict the next token at scale is if it learns 
to model the underlying phenomena!
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2019 2020 2021 2022 2023 2024 2025 2026

frontier: about 4 to 5× per year

GPT-2

GPT-3

PaLM

GPT-4
Gemini Ultra

Llama 3.1

GPT-4.5
Grok 3

Claude Opus 4

Grok 4

GPT-5*

GPT-6 Astra*

Scale

Training compute is parameters × tokens. Both continue to grow, perhaps especially data!

6.S978 Lecture 1 24Estimates from Epoch AI and with Fable 5.1; orders of magnitude only.



We are bad at designing inductive biases by hand. So we design
them by data.

It is heuristic and iterative. People used to throw away any page with
curly braces. Now you hunt for good code.

Most of it is proprietary now.

But open models keep closing the gap: Llama, Qwen, OLMo, Marin. It
is a race.

Data is the most important element
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Pre-training the whole Web, even if the quality is not perfect

Mid-training curated text: code, papers, books, longer contexts

Supervised fine-tuning demonstrations of the behavior we want

Reinforcement learning rewards

Earlier stages build the priors. Later stages lean on them to generalize from far less.

So: train in stages
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Training updates the weights.
But what does the model actually learn?

Let’s look at some experiments.
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How do we know which one is “right”?

Generalization.
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1. Fine-tune on facts in one direction.

2. Test the learned direction, then reverse the question.

Does learning a fact teach both directions?

Fine-tuned: 50% forward, 0%
reversed.

In the prompt: 100% both ways.

6.S978 Lecture 1 29Berglund et al., The Reversal Curse, 2023



Can LLMs generalize? Sometimes even compositionally…

6.S978 Lecture 1 30School of Reward Hacks: Taylor et al., 2025



How much do you control how your LLM talks?

6.S978 Lecture 1 31Anthropic, Claude Fable 5.1 system prompt, published September 1, 2026 (platform.claude.com release notes).



Share of ChatGPT replies with “goblin” or “gremlin”.

6.S978 Lecture 1 32OpenAI, Where the goblins came from, April 29, 2026. Screenshots and chart from the post.



Change in the rate of replies with “goblin”, GPT-5.2 to GPT-5.4,
by personality.

The training reward for the “Nerdy”
personality liked creature words.

1

Nerdy was 2.5% of replies, but the
habit spread to every personality.

2

Fix: retire the personality, filter the
training data, and add a line in Codex’s
prompt discouraging the model from
making references to goblins!

3

6.S978 Lecture 1 33OpenAI, Where the goblins came from, April 29, 2026. Chart from the post.



6.S978 Lecture 1 34Screenshot shared by @neerajjj6785 on X. Jack Lindsey (Anthropic) on X, September 1, 2026.



grown...

selected = [p for p in papers

if is_relevant(p, interest)]

smtp.send(digest(selected))

engineered?

So, basically: Models are grown, not engineered.

So can we really engineer systems around them?
6.S978 Lecture 1 35Shoggoth with smiley face: @anthrupad, after @TetraspaceWest, 2023.



Part 3

Engineering systems
around language models
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You are given requirements: what the system must do, and for whom.

You are given constraints: the budget, the data, the LLMs that exist today.

You choose trade-offs: quality against cost, latency, and complexity.

It has to be reliable and efficient, and stay maintainable and portable as
models and requirements change.

If it fails, it must fail safely. And somebody is accountable wherever it can fail!

Engineering is the principled design of systems that meet their requirements
under constraints, by choosing trade-offs consistent with a situated problem.

What is engineering, actually?
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PAPER C
We keep the base model frozen and train a small adapter, 0.5% of the
parameters, that learns to compress the KV cache at decode time.

THEIR INTEREST
Reducing an LLM’s memory use during inference, without updating its weights.

The model says true: the base weights are untouched.

The researcher says no: “I meant no training at all.”

And that wasn't inherently obvious!
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Would a perfect model have gotten it right
with the information we gave it?

Capability failure

The model misread the abstract.

The needed information was there.

Improve the implementation.

Last-mile failure

The model chose a convention
this researcher does not hold.

The distinction was never stated.

Supply the missing information.

Why did it fail?
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What could the researcher give us?

A description of their
interests
“Inference memory, without training.”

Any conventions they left unstated?

Papers they have written
Evidence of what they work on.
But what do they want to exclude?

Their interactions with past
recommendations / papers
Examples of papers they liked.
What about papers they never saw?

Feedback on a new digest
“No adapters either. I meant no training.”
A distinction we can now act on.
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General capabilities vs. Situated Requirements
Next week.
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Engineering is
choosing trade-offs.

6.S978 Lecture 1 42



Suppose we measured these systems on the same 200 labeled papers.

Implementation Correct / 200 Cost / 1,000 papers

Keyword matching 60 $0.01

1B model, one call 118 $0.20

Frontier model, one call 176 $20

Frontier model + reasoning 184 $100

Retrieve past marks → 1B model 150 $1

1B model → frontier on uncertain cases 170 $5

Which implementation should we deploy?
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Accuracy against cost
Accuracy

20%

40%

60%

80%

100%

$0.01 $0.10 $1 $10 $100

Cost per 1,000 papers (log scale)

Keywords

1B model

Frontier

Frontier + reasoning

Retrieval + 1B

Cascade

Cascade vs. frontier:
$5 vs. $20, for 170 vs. 176 correct.

Choose among systems on the frontier, according to the application's budget.
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Must we rewrite our application every time?

Computing has faced this before.

Suppose a much better model comes out...
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Your program int main() { printf("hello, world\n"); return 0; } stays

Engineering

PRINCIPLES

Say what, not how. Keep the
program apart from the machine it
runs on.

PRACTICES

GCC V8 CPython Linux

absorbs
the change

Hardware

Intel 8086, 1978 Core i7, 2015 A100 GPU, 2020 TPU v4, 2021 Apple M1, 2020

improves
fast

6.S978 Lecture 1 46



Your AI
program

selected = [p for p in papers if is_relevant(p, interest)] stays

Engineering

PRINCIPLES

Specify the task. Measure it.
Keep what depends on the
model apart.

PRACTICES

DSPy LOTUS Palimpzest DocWrangler

absorbs
the change

Models
GPT-3, 2020 Llama, 2023 Qwen 2.5, 2024 Fable 5.1, 2026 GPT-6, 2026

?
next

improves
fast

Engineering goal: build durable programs, not programs tied to today’s model.
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Today

Intelligent software?✓

How language models acquire their capabilities✓

Engineering systems around language models✓
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Why engineer AI systems
if models keep improving?
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Crossing the ocean vs.
delivering to the last mile
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So what is worth building?

The last mile is what a situated/concrete problem actually needs.
Better general behavior does not supply a specific application's conventions, often by nature.

1

We can make useful behavior much cheaper to obtain.
The frontier model can show what is possible, but it often far too costly to deploy, often by nature.

2

We need to solve real problems with the models we have.
Develop the extra structure that helps today, but keep it easy to supersede.

3
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SEP 9 & 16 Foundation models to AI systems. 

SEP 23 & 30 AI programming and agents. 

OCT 7, 14, & 21 Evaluation and retrieval.

OCT 28 & NOV 4 Learning from evidence. 

NOV 18 TO DEC 9 Semantic data systems. Continual learning. Projects.

The semester ahead
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Homework 1, 20% Engineering efficient AI systems.

Homework 2, 20% Learning from qualitative feedback.

Quizzes, 20% In class. Closed book and closed notes. Best 3 out of 5.

Project, 40% A shared project. (Students can propose alternative problems.)

Coursework
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Policies

We thank Prime Intellect, Thinking Machines,
and Mixedbread for their generous compute
support. Thanks to them, the course provides
the model endpoints and GPU compute that the
homeworks and the project require.

THINKING
MACHINES
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We have not resolved the tension.
Models keep improving. What is "engineering"?

Next week: Requirements for situated AI systems.
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