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We are going to operate at the

highest level of the LLM stack, but

it Is still mportant to understand a
bit about how they work...




Learning Objectives

 Understand and explain the core design decisions that go into training and
inferencing modern Large Language Models (LLMSs).

 Synthesize how these design decisions lead to limitations that impact the
way In which applications leverage LLMSs.
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Lecture Overview

« What is a Language Model?
 Language Model Architecture
* Training

* Inference

 LLMs for Agents
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What is a Language Model?

Language Models? Architecture Training Inference LLMs for Agents
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Product from the of the probability of the current
first to last token token given the previous tokens

Probability of a

sequence of tokens Equals
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P(z1.r) = [[ Plae | 2<)
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*in practice we typically take the sum of the log of the probabilities instead for numerical stability. 1.2e-17/
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This Is a Language
Model
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Generative vs. Discriminative
Models
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Discriminative Generative

Learn to Distinguish Classes Learn Distribution of Data
E.Q. E.Q.
- Logistic Regression - Naive Bayes
- SVM - Diffusion models

CS329Z: Engineering Al Agents Image Credit: Akanksha Malhotra | medium.com



Knowledge Check

Are Language Models that model the probability of a token sequence as shown below
generative or discriminative?

P(z17) = [[ Pla: | 2<t)

This isn’t meant to be a trick question, but the notation here can make It tricky.
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P(:El:T) — P(ajla L2y L3y e, CET)

LMs are generative, which means
we can sample from them.
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Language Model Sampling
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0.1501 We don’t always have to pick the most
likely next token. There are different
0.0855| sampling (decoding) strategies.

0.0627 « Greedy
e Nucleus (to
start 0.0496 . (top p)

Top k

get 0.0390

N

become 0.0342
enter 0.031 3

take 0.0220
0.0192
graduate | 0.07180
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Temperature

Next-token distribution for: "I am tired, | will takea "
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Probability (%)

Probability (%)

T=0.5
Divide all the
probabillities by
some temperature T
I and then renormalize
& S to sum to 1.
T=2.0

Image Credit: https://towardsdatascience.com/
decoding-the-temperature-parameter-in-lims/



https://towardsdatascience.com/decoding-the-temperature-parameter-in-llms/
https://towardsdatascience.com/decoding-the-temperature-parameter-in-llms/
https://towardsdatascience.com/decoding-the-temperature-parameter-in-llms/

Beam Search

ze;rall

Image Credit: https://medium.com/@chawthirisan/
CS329Z: Engineering Al Agents beam-search-navigating-possibilities-with-controlled-
exploration-dde901e9baa’/



https://medium.com/@chawthirisan/beam-search-navigating-possibilities-with-controlled-exploration-dde901e9baa7
https://medium.com/@chawthirisan/beam-search-navigating-possibilities-with-controlled-exploration-dde901e9baa7
https://medium.com/@chawthirisan/beam-search-navigating-possibilities-with-controlled-exploration-dde901e9baa7

Considerations for Sampling

 Each Sampling Strategy has different tradeoffs

 Temperature and Top-p/Top-k help with diversity

* [he strategy you use may depend on your task
 Math/Code are more predictable (lower temperature)
» Creative Writing may benefit from higher diversity

* Your strategy also depends on your budget (beam search has higher time and
memory complexity)
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Further Reading

 Decoding Strategies in Large Language Models: https://huggingface.co/
blog/mlabonne/decoding-strategies

 Tokenizers: https://huggingface.co/learn/lim-course/en/chapter2/4

 Generative Models: https://deepgenerativemodels.github.io/notes/
introduction/
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https://huggingface.co/blog/mlabonne/decoding-strategies
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Language Model Architecture

Language Models? Architecture Training Inference LLMs for Agents
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A brief history of Language Model Architectures

 N-gram Models (Pre 2010s)

* First Neural Language Model (2003)

* Recurrent Neural Network Language Models (2010)

 |Long Short Term Memory (Invented 1997 & popularized for LMs 2014)
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Transformers

Figure Credit: DeltaNet Explained (Part Ill) |
Songlin Yang
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https://sustcsonglin.github.io/blog/2024/deltanet-3/

Transformers: Attention Is All You Need (2017)

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, lllia Polosukhin
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Decoder-only Transformer
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Decoder-only Transformer

Embedding
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Decoder-only Transformer

Positional
Embeddlng
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Decoder-only Transformer

6 033292 Engineering Al Agents




Important! Pay Close Attention Here!

If you get lost here much of the rest of the lecture will be
very confusing!
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Decoder-only
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Attention vs Recurrence

Table 1: Maximum path lengths, per-layer complexity and minimum number of sequential operations
for different layer types. n is the sequence length, d 1s the representation dimension, £ 1s the kernel
size of convolutions and r the size of the neighborhood 1n restricted self-attention.

Layer Type Complexity per Layer Sequential |Maximum Path Length
Operations

Self-Attention O(n? - d) O(1)

Recurrent O(n - d? O(n)

Convolutional Ok-n-d O(1 O(logk(n))

Self-Attention (restricted) O(r-n-d) O(1) O(n/r

O(1) Sequential Operations is a huge deal for parallel training on GPUSs!
O(n?) Sequence length means long context becomes expensive.

CS329Z: Engineering Al Agents Table Credit: Attention Is All You Need



Transformers were better and cheaper

Modal BLEU Training Cost (FLOPs)
ot EN-DE EN-FR EN-DE EN-FR

ByteNet [18] 23.75

Deep-Att + PosUnk [39] 39.2 1.0 - 10%°
GNMT + RL [38] 24.6 39.92 2.3-1019 1.4-10%°
ConvS2S [9] 25.16 40.46 9.6-10° 1.5-10%°
MoE [32] 26.03  40.56 2.0-10° 1.2.10%°
Deep-Att + PosUnk Ensemble [39] 40.4 8.0 - 102
GNMT + RL Ensemble [38] 26.30 41.16 1.8-10%° 1.1-10%t
ConvS2S Ensemble [9 26.36  41.29 7.7-10°  1.2.10%!

Transformer (base model) 27.3 38.1

Transformer (big) 28.4 41.8

CS329Z: Engineering Al Agents Table Credit: Attention Is All You Need



Linear Attention

Figure Credit: DeltaNet Explained (Part Ill) |
Songlin Yang
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https://sustcsonglin.github.io/blog/2024/deltanet-3/
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Linear Attention is way faster and has a better memory footprint

+
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Figure 1: Comparison of the computational requirements for a forward/backward pass for Reformer (Ish-X), softmax
attention and linear attention. Linear and Reformer models scale linearly with the sequence length unlike softmax which

scales with the square of the sequence length both in memory and time. Full details of the experiment can be found in § 4.1.

_ . . Figure Credit: Transformers are RNNs Fast
CS5329Z: Engineering Al Agents Autoregressive Transformers with Linear Attention



However... it struggles more with longer context

Architecture Comparison

: 100
Task Configuration Example \
Single type_key = word ~A
NIAH type_value = number One of the special magic numbers for long-context is: 12345, S0 \
(S-NIAH) type_haystack = essay What is the special magic number for long-context mentioned in the \
size_haystack « context length provided text? \
Answer: 12 >\ \\
Multi-keys num_keys = 2 g 60 \ \
NIAH type_key = word One of the special magic numbers for long-context is: 123 = \
(MK-NIAH) type-value = number = N \ \\
_ U \
type_haystack = essay o 40 N N
size_haystack « context length What is the special magic number for long-context mentioned in the < \ \\\
provided text? R N\
Answer: 20 —— Llama2-7b AN ‘\
Multi-values num_values = 2 —+— RWKV-v5-7b*~_ Ty
NIAH type_key = word One of the special magic numbers for long-context is: 123 SG
(MV-NIAH) type_-value = number One of the special magic numbers for long-context is: 54321. —4&— Mamba-2.8b-slim P] =~
type_haystack = essay 0 a
size_haystack o« context length What are all the special magic numbers for long-context mentioned in the
provided text? ,\\'k- ,-1/\&- b\‘k- (b\k-

Answer: 12 )

CS329Z: Engineering Al Agents
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Figure Credit: RULER: What’s the Real Context
Size of Your Long-Context Language Models?



A Note about Context Length

Nothing the Transformer or Linear Attention enforced a strict context length...
except the way the model processes positional embeddings.

In practice we need the model to learn to use the positional embeddings so we are
limited to the context length that we trained the model with.
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Bringing it together

Figure Credit: DeltaNet Explained (Part Ill) |
Songlin Yang
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https://sustcsonglin.github.io/blog/2024/deltanet-3/

Full Softmax Attention vs Linear Attention

Full Softmax Attention Linear Attention
- O(n?) in context length - O(n) in context length
- All tokens can refer back to all - New tokens interact with a
prior tokens compressed state representation
- Helps long context - Harder for long context
- KV Cache (memory) grows O(n) - State representation uses

constant memory

CS329Z: Engineering Al Agents



In practice people mix global and linear attention
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Songlin Yang



https://sustcsonglin.github.io/blog/2024/deltanet-3/

In practice people mix global and linear attention

Model Wiki. ppl {4 Avg. Common-sense T Avg. Retrieval T

DeltaNet 28.24 42.1 22.7
+ Sliding Attn 27.06 42.1 30.2
+ Global Attn 27.57 42.1 32.7

_ . . Figure Credit: DeltaNet Explained (Part Ill) |
CS329Z: Engineering Al Agents Songlin Yang


https://sustcsonglin.github.io/blog/2024/deltanet-3/
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Why does all of this matter for agents?

* Agents can deal with extremely long contexts
* |nference efficiency is a design consideration in building agentic systems

 Knowing the underlying model architectures can help you select the right
model for your agentic application

* Developing the harness and scaffolding around your particular model’s
strengths and weaknesses will make you a better agent engineer!
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LLM Training

Language Models? Architecture Training Inference LLMs for Agents
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Defining the Loss
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Training Data (Example)

The class was about how
agents work, and how to
pbuild Al systems that use
tools, retrieve information,
and carry out tasks across
multiple steps...
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The class was about

now agents work...
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The class was about

now agents work...
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Loss = - 10g(0.0124) =1.907

about

T Jooem

The class was about

now agents work...
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Cross Entropy Loss

1 when this Is the
token in the data

O when this Is not the
! token in the data

10g (p;)

L Z
B log probablllty of that
7/ — token

L =

For every token IN
the vocabulary
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Pretraining
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Figure 4: Construction of DCLM-BASELINE from DCLM-
POOL. Before this pipeline, we extracted DCLM-Pool from

Common Crawl with resiliparse. Percentages are based on
the total number of original documents.

Image Credit: DataComp-LM: In Search of the
Next Generation of Training Sets for Language
CS329Z7: Engineering Al Agents Models. arXiv:2406.11794.



Data

Math URLs (Megamath, Finemath,
OWM, InflMM WebMa‘l'h)

Common crawl LI —_ 7
(98 snapshots) N hs -

Filteing Math pages
(229.54M Docs)

Figure 1: Overview of the Nemotron-CC-Math construction pipeline. Starting from Common Crawl

snapshots, we extract math-related URL

fetching 229.54M webpages, we render pages through Lynx and apply LLM-based cleaning, qual-

ity filtering, and deduplication (see §2. 1

~ ' Cleaned

Lynx

Lynx processing

'
Chemlstry ~
(1.71%) S

Orhe,.

g°
Physics (11.22%)

Mathematics
(60.28%)

LLM
'Ei_’
Deduplication &

text S
Decontamination

Refining text Nemotron-CC-Math

(101.15M Docs, 133.26B tokens)

s using curated datasets (e.g., MegaMath, FineMath). After

). We visualize the topic distribution of our data (Right).
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Image Credit: Nemotron-CC-Math: A 133 Billion-
Token-Scale High Quality Math Pretraining
Dataset. arXiv:2508.15096




Examples of Data from DCLM

Next: , Previous: DTIME, Up: Intrinsic Procedures
8.48 EOSHIFT — End-off shift function

EOSHIFT(ARRAY, SHIFT[,BOUNDARY, DIM]) performs an end-off shift on elements of ARRAY along
the dimension of DIM. If DIM is omitted it is taken to be 1. DIM is a scaler of type INTEGER in the
range of 1 /leq DIM /leq n) where n is the rank of ARRAY. If the rank of ARRAY is one, then all
elements of ARRAY are shifted by SHIFT places. If rank is greater than one, then all complete rank
one sections of ARRAY along the given dimension are shifted. Elements shifted out one end of each
rank one section are dropped. If BOUNDARY is present then the corresponding value of from
BOUNDARY is copied back in the other end. If BOUNDARY is not present then the following are
copied in depending on the type of ARRAY.

Array Type Boundary Value

Numeric 0 of the type and kind of ARRAY.

CS329Z7: Engineering \-5F-



Composition of the Pile by Category

» Academic * Internet = Prose * Dialogue * Misc

- -

PubMed Central ArXiv

StackExchange
PMA Github
FreeLaw USPTO NIH Wikipedia

Image Credit: The Pile: An 800GB Dataset of Diverse

CS329Z: Engineering Al Agents Text for Language Modeling. arXiv: 2101.00027




Data Mixing

@ Swarm @ Regression @ Optimization

Mixes p Performance o minimize f(p)
] = >~
—>| Proxy => y'11, ..+, ¥n1 = . / pPES
D * .
= or? °
: — | < 0’ S~ F
—>{ proxy 1> Vik, ..., Yok << e DL
Predicted f(p)
_ . . Image Credit: Olmix: A Framework for Data
CS5329Z: Engineering Al Agents MixingThroughout LM Development | arxiv 2602.12237



Midtraining
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Change your data mix to be focused more
on your target domains (math, code, etc)

PRETRAINING COOLDOWN
QUALITY BAND - QUALITY BAND -

QO Q1 Q2 Q3 Q4 QO Q1 Q2 Q3 Q4
DOMAIN J

Application and Web Development
Arts, History, and Culture

Business Software and Strategy

Christian Faith and Devotion

Clinical Treatment and Dentistry

Image Credit: Curating 25 Trillion Tokens for LLM

CS3292: Engineering Al Agents Pretraining | https://openathena.ai



https://openathena.ai/blog/marin-data-pipeline-overview/#3-learn-the-data-mixture

Mixing in more of your target domain data
into “pretraining” tends to help

Better in-domain generalization and

Specialized Pretraining Mix . less forgetting during FT
. T ‘ / B .

2 1.65 2.9

4(_/; 1.6_ '2.83

O P "o

'E 1.55 "4' L. 7 %

General Data E 1.5 2.6
1.45 2.5

0 5000 10000 15000

Finetuning Steps

+ mix 10-50x domain repeats

Base Models (200B PT Tokens)
=== Speclalized PT with 33x Domain Data
== = General PT

- 1 epoch of domain dataset

Image Credit: The Finetuner's Fallacy: When to

CS329Z: Engineering Al Agents Pretrain with Your Finetuning Data. arxiv 2603.16177



S Standard FT

| Midtraining

Gradient alignment (schematic)

Image Credit: Midtraining Bridges Pretraining and
Posttraining Distributions. arxiv 2510.14865

Engineering Al Agents



Posttraining
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Instruction Finetuning

Instruction finetuning

L=

Please answer the following question.

f

g What is the boiling point of Nitrogen? ) A\
~ -320.4F
Chain-of-thought finetuning /),

Answer the following question by \ \

reasoning step-by-step. The cafeteria had 23 apples \

originally. They used 20 to

The cafeteria had 23 apples. If they i=s - ~ make lunch. So they had 23 -
used 20 for lunch and bought 6 more, 20 = 3. They bought 6 more
\how many apples do they have? j) Language apples, so they have 3 + 6 = 9. //
model N )
Multi-task instruction finetuning (1.8 tasks) - /
Inference: generalization to unseen tasks - ~
Geoffrey Hinton is a British-Canadian
e . R computer scientist born in 1947. George
Q: Can Geoffrey Hinton have a Washington died in 1799. Thus, they
conversation with George Washington? could not have had a conversation
g Give the rationale before answering. ) \_together. So the answer is “no”. Y,
CS3297: Engineering Al Agents Image Credit: Scaling Instruction-Finetuned

Language Models. arxiv2210.11416



Step 1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.

Explain the moon
landing to a 6 year old

|
Y

(e}

V4

Some people went
to the moon...

CS329Z: Engineering Al Agents

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a 6 year old

A o

Explain gravity Explain war

® ©

Moon is natural People went to

satelite of the moon

(e}

0-0-0-0

Learning from Human Preferences

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
iIs sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

»

Write a story
about frogs

Image Credit: Training language models to follow
instructions with human feedback. arxiv 2203.02155



Problems with Human Feedback

 Human annotators can be unreliable
 Everyone has different preferences

* |eads to bad incentives for model optimization (sycophancy,
authoritativeness)

 The data itself can be sourced unethically

CS3297: Engineering Al Agents Slide inspiration: CS329X



Reinforcement Learning with Verifiable
Rewards (RLVR)

Verifiable Rewards

* Make the reward verifiable Unit Tests
Lean Proof
o |
Great for math and code! Exact Match
- System state
* Need to be careful about the verifier Y
design
GRPO KL T .
( ‘ Reference ( ‘ ' 4 ‘ Trained
91 [\ Model | ] ot Models
) - ; 4 - \ ‘ w \_ J
Policy 0 Reward | | r Group A
[ ! H Model ]—’ k 2 ~ \__Model | k ..2. ){Compumuor}‘ ‘ ..2. - Frozen |
[ 0c ] [ e ] [AG ] . Models )
CS329Z: Engineering Al Agents Image Credit: DeepSeekMath: Pushing the Limits of Mathematical

Reasoning in Open Language Models | arxiv 2402.03300



] Real Repositories & Environment Creation

<> Source Code

BB src/ [D README.rst
BB tests/ [ setup.py

ey | SWE-agent

Attempts to install the repo
and execute tests

Unit Tests

tests/test_api.py

2 Developer

tests/test_auth.py

Writes Dockerfile based on
SWE-agent work

tests/test_client.py
tests/test_utils.py

CS329Z: Engineering Al Agents

Agent-Specific Training (E.g. SWE-Smith)

¥ Task Gen. Strategies

« Procedural
Modification

»

() Synthetic Tasks

= New Task Instances

[

fI¥ LM Generated = ) Generated Issue

<= Combine Bugs

= , , =y Verified Test
PR Mirroring \L—’I‘ erified Tests

['{ Bugged Patch "2."

X 2
v'9

N

\

Y
)

N

Image Credit: SWE-smith: Scaling Data for Software

Engineering Agents | arxiv 2504.21798



SWE-Smith

Model System | Train Size Lite Verified
Closed Weight Models
GPT-40 (OpenAl, 2024a) Agentless - 32.0 38.8
OpenHands - 22.0 -
SWE-agent - 18.3 23.0
Claude 3.5 Sonnet (Anthropic, 2024) Agentless - 40.7  50.8
AutoCodeRover - - 46.2
OpenHands - 41.7 53.0
SWE-agent - 23.0 33.6
Claude 3.7 Sonnet (Anthropic, 2025) SWE-agent - 48.0 58.2
Llama3-SWE-RL-70B (Wei et al., 2025)  Agentless 11M - 41.0
Open Weight Models
Lingma-SWE-GPT-72B (Ma et al., 2024) SWE-SynlInfer - - 28.8
Qwen3-235B-A22B (Qwen et al., 2025)  OpenHands - - 34.4
R2E-Gym-32B (Jain et al., 2025) OpenHands 3.3k - 34.4
SWE-fixer-72B (Xie et al., 2025a) SWE-Fixer 110k 24.7 32.8
SWE-gym-32B (Pan et al., 2024) OpenHands 491 15.3 20.6
SWE-agent-LM-7B SWE-agent 2k 11.7 15.2
SWE-agent-LM-32B SWE-agent 5k 30.7  40.2

CS329Z: Engineering Al Agents

Image Credit: SWE-smith: Scaling Data for Software
Engineering Agents | arxiv 2504.21798



LLM Inference

Language Models? Architecture Training Inference LLMs for Agents
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Prefill and Decode
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CPU GPU

_ . . Image Credit: https://developer.nvidia.com/blog/cuda-
CS329Z: Engineering Al Agents refresher-reviewing-the-origins-of-gpu-computing/



https://developer.nvidia.com/blog/cuda-refresher-reviewing-the-origins-of-gpu-computing/
https://developer.nvidia.com/blog/cuda-refresher-reviewing-the-origins-of-gpu-computing/
https://developer.nvidia.com/blog/cuda-refresher-reviewing-the-origins-of-gpu-computing/

Roofline Performance Model

Peak FLOP/s

Attainable Flop/s

-" '

andwidth-bound I' Compute-bound

<>

Arithmetic Intensity (FLOP: IByte)

_ . . Image Credit: https://docs.nersc.gov/tools/
CS329Z: Engineering Al Agents oerformance/roofline/



https://docs.nersc.gov/tools/performance/roofline/
https://docs.nersc.gov/tools/performance/roofline/
https://docs.nersc.gov/tools/performance/roofline/

Prefill and Decode

cached
N -
prefill decode decode
KV vectors ﬂ Q
The quick brown fox jumps over
prompt output
CS3297: Engineering Al Agents Image Credit: htt_ps://huggingface.co/blog/tngtech/lIm—
performance-prefill-decode-concurrent-requests



https://huggingface.co/blog/tngtech/llm-performance-prefill-decode-concurrent-requests
https://huggingface.co/blog/tngtech/llm-performance-prefill-decode-concurrent-requests
https://huggingface.co/blog/tngtech/llm-performance-prefill-decode-concurrent-requests

Prefill +

Softmax

@11

00000 -0
Layer Norm(|32322 2
00000 -0
00000 .0 XXX
(e0eee o)(cccoe o)(eeeee o)(cccoc c)(eeeee o)(cococ o
The class was
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Decode ‘ =
D@*

D,

Softmax

@11

Layer Norm( )

The
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Unimportant

©
Wa
Layer Norm( )
(00000 o
aQxxED
The
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Decode +

Q.QC.---.)

Layer Norm(

00000 -0 000000
The class
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Unimportant
Memory

Layer Norm( )

00000 -0
class

s CSSZQZ Engineering Al Agents



Decode . =
oot
@D\ iy Vi]ees P

Layer Norm( 000000 )

Softmax

aaxxED XXXXEX (eeeee o
The class was

CS329Z: Engineering Al Agents



Unimportant
Memory

Softmax

Layer Norm( )

000000 cnnm
class was

s CSSZQZ Engineering Al Agents




oftmax
1 \ +

Layer Norm(

The class
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Decode +

)




Unimportant
Memory

Layer Norm( )

class was

0006060

s CSSZQZ Engineering Al Agents
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Roofline Performance Model

Peak FLOP/s

Prefill

Decode

Attainable Flop/s

Aandwidthboundl Compute-bound

Arithmetic Intensity (FLOP: lByte)

Image Credit: https://docs.nersc.gov/tools/
performance/roofline/
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https://docs.nersc.gov/tools/performance/roofline/
https://docs.nersc.gov/tools/performance/roofline/
https://docs.nersc.gov/tools/performance/roofline/

Metrics

orefill

<«— time to first token —»

decode

<«—> time per output token

Elapsed Time

CS329Z: Engineering Al Agents

Image Credit: https://docs.nersc.gov/tools/
performance/roofline/



https://docs.nersc.gov/tools/performance/roofline/
https://docs.nersc.gov/tools/performance/roofline/
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Speculative Decoding

CS3297: Engineering Al Agents Image Inspiration: Speed Up LLM Inference with
Speculative Decoding | medium.com



https://medium.com/@genai.works/speed-up-llm-inference-with-speculative-decoding-1fc79701e9d6
https://medium.com/@genai.works/speed-up-llm-inference-with-speculative-decoding-1fc79701e9d6
https://medium.com/@genai.works/speed-up-llm-inference-with-speculative-decoding-1fc79701e9d6

Mean Sampling Time (128 tokens)

Speculative Decoding f

Acceptance rate

Total loop time

Some domains are more
predictable than others

1800 x e Human Eval 1L.Op < Human Eval )8 s
\‘“ ————— XSum % T XSum X
1600 ‘t\ \
.{\ 0.9 N\ 26
1400| N 24
‘\\‘\\\ 0 . 8 “ \\X _{/
: 1200 ’ 22
’(\\ 0.7 x\\ /
1000 N e e x| 20 :
\\X\ ){
800 S 0.6 18
TTY-s
e Gl v
=== X
600 05 16
14
400
0 1 2 3 4 5 §) 7 0 1 2 3 4 5 6 7 1 2 3 4 5 6 7
Number of draft tokens (K) Number of draft tokens (K) Number of draft tokens (K)
. . Im redit: A lerating Large Lan M I
% CS329Z: Engineering Al Agents age_C edit: Accelerating Large Language Mode
Decoding with Speculative Sampling | arxiv 2302.01318



Inference Time Scaling (Test Time Scaling)

CS329Z: Engineering Al Agents



Chain of Thought

Standard Prompting Chain-of-Thought Prompting
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?

A: The answer is 11.

_' cans qif'i_" :f:'%g|';_*\A|fi j::i J\ S
1. The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to

do they have? make lunch and bought 6 more, how many apples
/| do they have?

A: The answer is 27. x

Kanswerisg. T | o )

_ . . Image Credit: Chain-of-Thought Prompting Elicits
CS329Z: Engineering Al Agents Reasoning in Large Language Models | arxiv 2201.11903




Reasoning LLM

Quer Reasoning LLM

Traditional LLM

CS329Z: Engineering Al Agents Image !nspiration_: https://rr_lagazine.sebastianraschka.com/p/
controlling-reasoning-effort-in-lims



https://magazine.sebastianraschka.com/p/controlling-reasoning-effort-in-llms
https://magazine.sebastianraschka.com/p/controlling-reasoning-effort-in-llms
https://magazine.sebastianraschka.com/p/controlling-reasoning-effort-in-llms

Reasoning LLM

“Aha” moments

A movie ticket and a popcorn together cost $18.
Prom pt The ticket costs $6 more than the popcorn.
How much does the ticket cost?

<think>
Let p be the popcorn price.
Response Then the ticket costs p + 6.

So p + 6 = 18.
That gives p = 12, so the ticket is 18.

(:Wait, that can't be right.]
I only used the ticket price, not the total of ticket + popcorn.

Aha, the total should be:
p+ (p + 6) = 18

Model learns to SO Ep + 6 = 18.
self-correct itself ;2>p-_6 12.

The ticket costs p + 6 = 12.
</think>
<answer>\boxed{12}</answer>

_ . . Image Credit: https://magazine.sebastianraschka.com/p/
CS329Z: Engineering Al Agents controlling-reasoning-effort-in-lims



https://magazine.sebastianraschka.com/p/controlling-reasoning-effort-in-llms
https://magazine.sebastianraschka.com/p/controlling-reasoning-effort-in-llms
https://magazine.sebastianraschka.com/p/controlling-reasoning-effort-in-llms

Agents' Last Exam

r GPT-6 Astra ‘8- GPT-6 Sol € GPT-6 Luna € Claude Opus 5

o- GPT-5.6 Sol € GPT-5.6 Luna | Claude Fable 5
w/ Opus 4.8 fallback

| D
GPT-6 Astra

Cost per task

. - - Image Credit: https://openai.com/index/introducing-
CS32927: Engineering Al Agents oD eeok and luney



https://openai.com/index/introducing-gpt-6-sol-and-luna/
https://openai.com/index/introducing-gpt-6-sol-and-luna/
https://openai.com/index/introducing-gpt-6-sol-and-luna/

Setting the Reasoning Level (GPT-OSS)

System Prompt

Reasoning: low

System Prompt

Reasoning: medium

System Prompt
Reasoning: high

User Prompt

Solve this math problem...

CS329Z: Engineering Al Agents




Some ways it is done

Inkling (Thinking Machines)

R(e) = Riask — )\(e)Ntokens

Set Lambda higher for low effort

Set Lambda lower for high effort

CS329Z: Engineering Al Agents

Kimi K3 (Moonshot)

Reward = 1 for correct, O for wrong,
-1 for wrong and exceeds budget

General Agent § Coding Agent
Teacher (High) § Teacher (High)

General Task J General Agent | Coding Agent
Teacher (Med) § Teacher (Med) § Teacher (Med)

General Task
Teacher (Low)

-

Multi Teacher Distillation



Scaling with Repeated Sampling

Step 1: Generate many candidate solutions. Step 2: Use a verifier to pick a final answer.

Verifier

(e.g. unit tests, proof
checkers, majority voting)

Problem: Input
a number from

o X = int(input()) ...

stdin and ...
Problem 1 (coverage): Can we generate a correct Problem 2 (precision): Can we identify a correct
solution? solution from the generated samples?
_ . . Image Credit: Large Language Monkeys: Scaling Inference
C53292: Engineering Al Agents Compute with Repeated Sampling | arxiv 2407.21787



Scaling with Repeated Sampling

— |_lama-3-8B-Instruct - |_lama-3-70B-Instruct
---- Single-Attempt GPT-40
MiniF2F-MATH (Formal Proofs) CodeContests

::2 1' 1‘
®
A
(]
&
Q O 5' = O 5'
(@)
o
% [ 7/’
“ O T T T O T T T

1 102 104 1 107 104

MATH (Oracle Verifier) GSM8K (Oracle Verifier)

1'_?: _____________

(-
J

Coverage (pass@k)
o
U1

0.5-
O ! I I O I I |
1 102 104 1 102 10%
Number of Samples (k) Number of Samples (k)
CS329Z: Engineering Al Agents Image Credit: Large Language Monkeys: Scaling Inference

Compute with Repeated Sampling | arxiv 2407.21787



What if you don’t have a verifier? Self-Consistency

Greedy decode

Chain-of-thought
prompting

[ Prompt ]\

Self-consistency

N

A: If there are 3 cars in the parking \

lot and 2 more cars arrive, how many
cars are in the parking lot?

A: There are 3 cars in the parking lot
already. 2 more arrive. Now there are
3 + 2 =5 cars. The answer is 5.

Q: Janet’s ducks lay 16 eggs per day.
She eats three for breakfast every
morning and bakes muffins for her
friends every day with four. She sells
the remainder for $2 per egg. How
much does she make every day?

Q:

CS329Z: Engineering Al Agents

/

/

Language
model

\

/

-

Language
model

~

J

(This means she uses 3 + 4 =

\The answer is $14.

She sells the remainder for $2 per egg, so in
total she sells 7 * $2 = $14 per day.

7 eggs every day. R

Sample a diverse set of
reasoning paths

T HEE 2NN 0O 0O O N .

She has 16 - 3 - 4 = 9 eggs
left. So she makes $2 * 9 =
$18 per day.

\[ The answer is $14. ]

Marginalize out reasoning paths
to aggregate final answers

| )

! The answer is $18.

This means she she sells the
remainder for $2 * (16 - 4 - 3)
= $26 per day.

J
I N\
| :
I The answer is $26.

She eats 3 for breakfast, so

she bakes muffins, so she
has 13 - 4 = 9 eggs left. So
she has 9 eggs * $2 = $18.

Y
] )

she has 16 - 3 = 13 left. Then |

| The answer is $18.

The answer is $18. J

| Y,

Image Credit: Self-Consistency Improves Chain of Thought
Reasoning in Language Models | arxiv 2203.11171



What if you don’t have a verifier? Self-Consistency

ARC (Challenge)

55
X 50
> 45
© 40 . .
= —k— Self Consistency (Multi-path)
O 32 —- Sample & Rank (Multi-path)
< 30 ~@®— Greedy Decode (Single-path)

0 5 10 15 20 25 30 35 40
#Sampled Reasoning Paths

Image Credit: Self-Consistency Improves Chain of Thought

CS329Z: Engineering Al Agents Reasoning in Language Models | arxiv 2203.11171



LLMs for Agents

Language Models? Architecture Training Inference LLMs for Agents

CS329Z: Engineering Al Agents




Agents: Key Components

Planning & Reasoning Memory
H Environment
ODSEIVE  (external world)

LLM Core 't Desktop OS,

; Web browser,
‘ Mobile apps,

Games,
Tools el
Retrieval, Calculator, Code, Search, File Operations... a Ce’tgses’
l act
—

Agent actions: too/ call, interaction, response to users

CS329Z: Engineering Al Agents



Structured I/0

CS329Z: Engineering Al Agents



Motivating Structured I/0

\\IIIIIIIIIIIII
Pl -
{IIIIIIIIIIIII
(X

/4

Shss
.-“- ———
?Oo -

Increasingly many new Al results are from compound systems.

Require a shared contract of how these system components will communicate.

Image Credit: https://bair.berkeley.edu/blog/2024/02/18/
compound-ai-systems/
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https://bair.berkeley.edu/blog/2024/02/18/compound-ai-systems/
https://bair.berkeley.edu/blog/2024/02/18/compound-ai-systems/
https://bair.berkeley.edu/blog/2024/02/18/compound-ai-systems/

Constrained Decoding

Force the language model to output to a particular structure

FSM state D Token <:> LLM decode

{i —"">—s —u —m—mm—a —r  —Y
- e ]

(a) Normal FSM for regex { " summary" :

o) a2

(c) Decoding process with normal FSM

CS329Z: Engineering Al Agents

= : (e (s

{,- o) {"summary": " r . ‘

(b) Compressed FSM for regex { "summary " :

(| (+] () (um)

(d) Decoding process with compressed FSM

Image Credit: SGLang: Efficient Execution of Structured
Language Model Programs | arxiv 2312.07104



Constrained Decoding

Force the language model to output to a particular structure

i SGLang s vLLM B Guidance B LMQL

Ll L

MMLU ReAct Generative Tree of Skeleton LLM Judge HellaSwag JSON Multi-Turn Multi-Turn DSPy RAG
Agents Agents  Thought of Thought Decoding Chat(short) Chat(long) Pipeline

Figure 5: Normalized throughput on Llama-7B models. Higher is better.

Throughput
(Normalized)

O e i e
O N U ® O

SGLang has Finite State Machines for decoding (among other optimizations)

; _ . . Image Credit: SGLang: Efficient Execution of Structured
CS329Z: Engineering Al Agents Language Model Programs | arxiv 2312.07104



DSPy Signatures

class Extract(dspy.Signature):

"""Extract contact info."""

message: str = dspy.InputField()

name: str = dspy.OutputField()

email: Optional[str] = dspy.OutputField()
intent: Literall

"meeting", "intro", "follow-up"

] = dspy.OutputField()

extract = dspy.Predict(Extract)

extract(message="I'm Sarah"

"(sarahpacme.co). Meet Thursday?")

Signatures define tasks and enforce output types

OUTPUT

Prediction(
name="Sarah",
emall="sarah@acme.co",

intent="meeting"

)

CS329Z: Engineering Al Agents

Image Credit: https://dspy.ai/current/



https://dspy.ai/current/

DSPy Signatures: Peek inside

System Prompt

User Prompt

[[ ## message ## ]]
I'm Sarah(sarah@acme.co). Meet Thursday?

Respond with the corresponding output fields, starting with the field '[[ ## name ## ]]', then [[ ## email ## ]| (must be formatted as a valid Python Union[str,
NoneTypel]), then [[ ## intent ## ]| (must be formatted as a valid Python Literal['meeting', 'intro’, 'follow-up']), and then ending with the marker for [[ ##
completed ## ]] .

CS329Z: Engineering Al Agents




Constrain the Model: Classifiers

Train a small head on top of embeddings to map to class labels

15% | 0 (negative) Model #2 Output

.1
85% 1 (positive) <pOSItI\/())
Logistic Regression
Model #2
) learn
Model #2 Input
Model #1 Output
DistiIBERT

Model #1 o
Model #1 Input 101 1037 17453 14726 19379 12758 2006 2293 102

[CLS] a visually stunning rum ##ination on love [SEP]

CS329Z: Engineering Al Agents Image Credit: https://jalammar.qgithub.io/a-visual-guide-to-

using-bert-for-the-first-time/



https://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
https://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
https://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/

Constrain the Model: System One Models

Popular term right now, but roughly classifiers with adaptable options (for “decisions’)

1. Contrastive State-Action Pre-training 2. Create Action Candidates

Action 7 7 , Mario should Action
Encoder l l l {action}. Encoder
A1 Az An

—> 57 ) e

3. Zero-shot Action Classification
4 v 4
— > A; A, As

State State
— —_—
Encoder Encoder =
+ softmax
left 5%

> Sn jump  80% CEEEEEED

right run 15%

Mario should
act in the game jump!

CS329Z: Engineering Al Agents Image Credit: https://contrastive-Im.notion.site/



https://contrastive-lm.notion.site/

Example: Tool Calling

The New England Journal of Medicine is a registered
trademark of [QA(“Who is the publisher of The New
England Journal of Medicine?”) — Massachusetts
Medical Society] the MMS.

Out of 1400 participants, 400 (or [Calculator(400 / 1400)
— 0.29] 29%) passed the test.

The name derives from “la tortuga®, the Spanish word for
[MT(“tortuga”) — turtle] turtle.

The Brown Act is California’s law [Wikis

ies.| that requires legislative bodies, like
city councils, to hold their meetings open to the public.

_ . . Image Credit: Toolformer: Language Models Can
CS329Z: Engineering Al Agents Teach Themselves to Use Tools | arxiv 2302.04761



Context Engineering
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Prompt engineering vs. context engineering

Prompt engineering Context engineering for agents
for single turn queries

Context window Possible context to give model Context window

System prompt System prompt |——

% V I
~ N O B .
User message Tool Tool ] [ Tool ] Doc 1ﬁ Doc 2 }— RN Assistant
V ) ) Curation ! message
Assistant ( ( : ! R '
Memory file ;
S % [ message ] Tool ]l Yy ] > L Memory flleJ . —> %%—(

Comprehensive
instructions

I
User message |———

Domain knowledge Y,
I

Message history ]—'—J
. I

| 4

Memory file ] Docﬁ

Tool \
Message history ] £ T ]\ e %\{ ______
- I

é :Tool1] [Tool2]—54 \_>[ eieliell ]

v

- _§< ______ [ Tool result ]——‘

CS329Z: Engineering Al Agents Image Credit: https://www.anthropic.com/engineering/
effective-context-engineering-for-ai-agents
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What goes in the context of an agent?

e System Prompt
 Message History
 Memories

* Tool Call Results

e Attached Files
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Why not just put everything? Context Rot

N D

Were there more news articles about the economy in How many times in this set of episodes does the
September or August? character Jester cast Healing Word?
Date  9/03 2/14 1/04 10/10 05 8/20 7/04 - = II”

houts of dialogue /& 5
T 1T

WDDDDDDDDAO

~
[
|
[
[
|

v v \iyg
[\4 KA
) 4 )
There were two articles about the economy 1n
September, and one article about the economy in Jester cast this spell two times.
August....Thus, the answer 1s September.
J J

Image Credit: OOLONG: Evaluating Long Context

CS329Z: Engineering Al Agents Reasoning and Aggregation Capabilities | arxiv 2511.02817



Why not just put everything? Context Rot

gemini-2.5-pro

—O—  gpt-5-nano0 = ——

—6— claude-sonnet-4

gpt-5-mini = —— gpt-5 04-mini

llama-4-maverick - deepseek-r1-0528 = = = random baseline

OOLONG-synth

OOLONG-real

03
1
o 0.6 i
: <
2 04

) B L EEEEY CEE TP

|

| N 1

0.8
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Context Length

O J | J =
8K 16K 32K 64K 128K 256K 512K 64K 128K 256K 512

— — — —— —— —— —

Context Length

Image Credit: OOLONG: Evaluating Long Context
Reasoning and Aggregation Capabilities | arxiv 2511.02817



There is no one way to build the context,
this will be something you experiment with

in HW1.

Instead we will provide some practical tips
and considerations.

Image Credit: OOLONG: Evaluating Long Context

C5329Z: Engineering Al Agents Reasoning and Aggregation Capabilities | arxiv 2511.02817



Avoid bloat

Sometimes a few tools are all you need. Pi has just read, write, edit, and bash.

Terminal-Bench 2 — Impact of harnesses on the same model

Cost per rollout ($) Success rate (%)
$0 $0.4 $0.8 $1.2 $1.6 0% 20% 40% 60% 80% 100%
Claude Fable 5
$1.08 I 719%
Codex $0.98 72.2%
Claude Code $1.55 75.6%
Claude Opus 4.8

L —
Codex $0.85 72.2%
Claude Code [N $0.90 68.9%

Claude Sonnet 4.6

S—
Codex @55 63.3%
Claude Code $0.67 O 62.2%
Claude Haiku 4.5

Codex 31.1%

Claude Code 1%

CS329Z: Engineering Al Agents Image Credit: https://arena.ai/blog/coding-agents-harness-tax
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Avoid bloat

Use retrieval to recover the most relevant memories or files

Retrieval Chain
_ '
Embedding Reranking
» Vector DB |—»
/—’ Model Search Model —.\
Prompt e il LLM —— Response
\ /"
More on this in the next lecture!
CS3297: Engineering Al Agents Image Qredit; https://developer.nvidia.com/blog/build—a—rag;
agent-with-nvidia-nemotron/
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Add sequentially

Avoid invalidating the KV Cache

v
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Add sequentially

Avoid invalidating the KV Cache

Invalidated

KT > I : KV Cache

All of these position embeddings just changed.

(eoeee o)(tecec o)(ceeee o)(cccce o)(coeee o) OXOED | GEED [

00000 o
00000 o
Actually The was
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Evaluate context choices empirically

You can setup benchmarks/evals and test your changes

LAMA Math Benchmarks QA Benchmarks
30 30 40 aeieeessssssssssssssssssssnnnannn:
25 25 5
30
20 20 25
15 15 20
10 F 10 1
o= [Ooolformer 10
5 Toolformer (disabled) 5 -
=ar GPT3
0 0 0
0 2000 4000 6000 0 2000 4000 6000 0 2000 4000 6000
Model Parameters (M) Model Parameters (M) Model Parameters (M)
_ . . Image Credit: Toolformer: Language Models Can Teach
CS329Z: Engineering Al Agents Themselves to Use Tools | arxiv 2302.04761



Compaction

* By the time you reach compaction the context has grown extremely long.

 The new decision Is what to keep in the new context.
 Keep too much and you will have to compact again soon.

 Drop too much and you can lose critical context needed to complete the task.

therundownai

Summer Yue, the safety and alignment leader at Meta Superintelligence,
revealed that an Al agent unexpectedly bulk-deleted emails from her
personal inbox after missing a critical instruction.

Yue had instructed OpenClaw to suggest emails for deletion, but not
to take any action until she told it to.

R therundownai

However, when the inbox was too large, the system triggered context compaction
and lost the “confirm before acting” instruction and began deleting emails
on its own. Yue said she had to rush to her Mac mini to kill the process.

CS329/: Engineering Al Agents Image Credit: https://www.threads.com/@therundownai
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-1 RLM (root / depth=0)

Language Model (LM)

Different Philosophy:
L me—n 4 Recursive LMs
X (RLMs)

You are reading an extremely long book. Can you list
out all which items that were made before the Great...

RLM (depth=1)

l prompt loaded as variable v Prompt
In Chapter 1, find all items
orint(prompt[:100]) Lr;aotpell(reev\lllii;ed to belong to
You are reading an extremely long book. Can you list out all items that ¢
were made before the Great Catastrophe?\n\n**Chapter 1**\n Bob found [ Language Model (LM) J
solace in walking through the forest. It was a strange time, rife with... out(1]
partl, part2 = prompt.split( ' RLM (depth=1)
pre_cata = lIm_query(f 5 .
romp

post_cata = lim_query(f

Look for the items in these
Sub-Response sections that explicitly say
1 they were found...

Herod's ring...

print(FINAL_ANSWER) In[N] ‘
[ Language Model (LM) J

|:’From chapter 1, Bob was the only character that was noted to be alive
and carrying a flask before the Great Catastrophe. In chapter 3, Alice
uncovers a ring belonging to the fallen King Herod, and later...

!

From chapter 1, Bob was the only character that was noted to be alive and carrying a
flask before the Great Catastrophe. In chapter 3, Alice uncovers a ring belonging to
the fallen King Herod, and later in chapter 5, Alice finds...

CS329Z: Engineering Al Agents
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Recursive LMs (RLMs)

OOLONG trec _coarse w/ 263k Token Context - Score (%)

100

80 -

= 60 -

o

o~
~ 51.1%

Q

3

v 40.9%
W 40 -

20 -
0
GPT-5 GPT-5-mini RLM(GPT-5-mini) RLM(GPT-5) ReACT + GPT-5
w/o sub-calls +BM25

CS329Z: Engineering Al Agents Image Credit: https://alexzhang13.qgithub.io/blog/2025/rim/
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Summary

Language Models? Architecture Training Inference LLMs for Agents
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Summary

What are Language Models?
Language Model Architecture (Transformers, Linear Attention)

Language Model Training (Pretraining, Midtraining, Posttraining, Agent
Training)

Language Model Inference (Prefill/Decode, Inference Time Scaling)

LLMs for Agents (Structured I/O, Context Engineering)
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See you on Wednesday for RAG!
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