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SIGNIFICANCE TESTING
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Which classifier is better?
Goal: Given two classifiers: hA(x) 
and hB(x) which is better?

Common Approach: Evaluate each 
classifier on a test set and report 
which has higher accuracy.
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Two Sources of Variance

1. Randomness in training
2. Randomness in our test data
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1. Randomness in training
Example: Assume we are training a deep neural network 
with a nonconvex objective function via random restarts

We collect a sequence of classifiers for R random restarts:
vhB(x)(1) ⟵ train(D, seed = time in ms)
vhB(x)(2) ⟵ train(D, seed = time in ms)
v…
vhB(x)(R) ⟵ train(D, seed = time in ms)

25

co
un

t

accuracy

Solution: histogram

hA hB

Solution: confidence interval

report variance of hA and hB

Ex: 
• hA     45%   +/-   5%
• hB     47%   +/-   8%



2. Randomness in our test data
Recall: we assume x(i) ~ p*(·) and y(i) = c*(x(i))
          or (x(i), y(i)) ~ p*(·, ·) 
Data: Assume the data is drawn from a generative 
distribution p*(x|y)p*(y) where p*(y) is an even coin 
flip and p*(x|y=red) is the red Gaussian and 
p*(x|y=blue) is the blue Gaussian.
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Significance Testing in ML
“And because any medication or intervention usually has some real 
effect, you can always get a statistically significant result by 
collecting so much data that you detect extremely tiny but 
relatively unimportant differences. As Bruce Thompson wrote, 
Statistical significance testing can involve a tautological logic in 
which tired researchers, having collected data on hundreds of 
subjects, then conduct a statistical test to evaluate whether there 
were a lot of subjects, which the researchers already know, 
because they collected the data and know they are tired. This 
tautology has created considerable damage as regards the 
cumulation of knowledge.”
 ― Alex Reinhart
      Statistics Done Wrong: The Woefully Complete Guide
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For machine learning, significance testing is 
usually still answering an important question:
 
Did we evaluate our model on enough test 
data to conclude that our improvement over 
the baseline is surprising?



Significance Testing in ML
Paired Bootstrap Test
Key Idea: simulate the resampling of 
many test sets
Algorithm:

1. Draw B bootstrap samples 
S(b) = {(x(1), y(1)) (x(2), y(2)), …, (x(n), y(n))}
with replacement from test data Dtest

2. Let v = 0
3. For b = 1,…,B

 if 𝛿(S(b)) > 2𝛿(Dtest):
  v = v + 1

4. Return p-value as v/B

H0 = null hypothesis = performance of hA 
and hB is the same

Remarks:
1. Notice that E[𝛿(S(b))] = 𝛿(Dtest). 

We want to estimate how often 
A obtains a 𝛿(Dtest)-sized 
advantage over B (or greater) by 
random chance.

So we check whether 𝛿(S(b)) 
exceeds the expected value plus 
𝛿(Dtest) = 2𝛿(Dtest).

2. We needn’t limit 𝛿 to the 
difference in accuracy, it can be 
any metric we want!
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𝛿(D’) = difference in 
accuracy between 

hA and hB on D’



CODE GENERATION
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How can you boost your productivity as a 
programmer?

Pair Programming Coding with an LLM
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Building Code Models

Languages for LLMs
• LLMs are trained on massive quantities 

of text from the internet (e.g. trillions of 
tokens)

• Some LLMs cover a variety of human 
languages, some focus primarily on 
English

• Most LLMs include a wide variety of 
programming languages

Code Generation Examples
• Auto-complete for code IDEs (e.g. GitHub 

CoPilot)
• Write code given a text prompt
• Write code given a docstring (e.g. 

function-level or class-level comment)
• Read a large codebase and add a new 

feature
• Find bugs / fix bugs
• Write unit tests
• Translate code from one language to 

another
• Generate comments for existing code
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Programming Languages on GitHub

34
Figure from https://madnight.github.io/githut/#/pushes/2024/1



Example: Dolma Dataset
• The Dolma dataset is 3 trillion tokens 

of text
• It is sourced from a variety of existing 

datasets

• The Stack is 3TB of permissively 
licensed code intended for LLMs

35

Figure from https://allenai.github.io/dolma/docs/assets/dolma-v0_1-20230819.pdf Figure from https://arxiv.org/pdf/2211.15533



Applications for Code Models

Languages for LLMs
• LLMs are trained on massive quantities 

of text from the internet (e.g. trillions of 
tokens)

• Some LLMs cover a variety of human 
languages, some focus primarily on 
English

• Most LLMs include a wide variety of 
programming languages

Code Generation Examples
• Auto-complete for code IDEs (e.g. GitHub 

CoPilot)
• Write code given a text prompt
• Write code given a docstring (e.g. 

function-level or class-level comment)
• Read a large codebase and add a new 

feature
• Find bugs / fix bugs
• Write unit tests
• Translate code from one language to 

another
• Generate comments for existing code
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Applications for Code Models

37
Figure from https://arxiv.org/pdf/2406.00515



EVALUATING CODE GENERATION
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How to evaluate code?

Metrics
• BLEU (metric used in machine 

translation for testing n-gram overlap 
with a known reference)

• CodeBLEU (a mixture of various 
syntactic and semantic metrics)

• Functional correctness (checks how 
many unit tests pass)

• NOTE: functional correctness has 
become the dominant metric for 
evaluation

Benchmarks
• HumanEval
• MBPP
• DS-1000
• SWE-Bench Verified
• Terminal-Bench 2.0
• (many more!)
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CodeBLEU

40
Figure from https://arxiv.org/pdf/2009.10297



HumanEval Benchmark
• Introduced alongside Codex 

model
• Measures functional 

correctness of code (i.e. how 
many unit tests pass)

• pass@k metric = % of k code 
samples that pass all the unit 
tests (actual implementation 
uses more samples to reduce 
variance)

• 164 handwritten problems

41
Figure from http://arxiv.org/abs/2107.03374



HumanEval Benchmark
• Introduced alongside Codex 

model
• Measures functional 

correctness of code (i.e. how 
many unit tests pass)

• pass@k metric = % of k code 
samples that pass all the unit 
tests (actual implementation 
uses more samples to reduce 
variance)

• 164 handwritten problems

• Results clearly indicate that 
BLEU is not a good surrogate

42
Figure from http://arxiv.org/abs/2107.03374



MBPP
• Mostly Basic Python Programs 

(MBPP) are intended to be 
problems solvable by a novice 
programmer

• 974 problems constructed by 
crowd-sourcing

• Consists of problem statement, 
3 tests, and a self-contained 
solution

43
Figure from https://arxiv.org/pdf/2108.07732



SWE-Bench Verified
• SWE-Bench:

– a real-world coding benchmark
– solve actual GitHub issues by producing a patch 

in the repo, then score via execution/unit tests 
against the reference fix

– In November 2024, Claude 2.0 only solved 1.96% 
of issues

• SWE-Bench Verified: human validated subset 
of 500 test cases 

• Construction:
– selected 12 popular Python repos
– grabbed 90k pull requests (PRs)
– required PRs to resolve an issue and change 

tests
– required PRs to change at least one test from fail 

to pass
– yielded 2,294 tasks
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Figure from https://arxiv.org/pdf/2310.06770 



SWE-Bench Verified

45
Figure from https://epoch.ai/benchmarks/swe-bench-verified/



Terminal-Bench 2.0
• Realistic interactive tasks for 

command line interfaces that require 
manipulation of the environment

• Each task has:
– Docker container with relevant 

files
– English instruction for the agent
– Tests to verify correctness of final 

container state
– A reference solution

• Terminal Bench 2.0 contains 89 tasks 
manually verified by 3 humans

46
Figure from https://arxiv.org/pdf/2601.11868 



Terminal-Bench 2.0

Example: Software Engineering
build-pov-ray:
Build POV-Ray version 2.2 from source 
by downloading archives, extracting to 
/app/povray-2.2, compiling, and 
installing the binary to 
/usr/local/bin/povray. The build will be 
validated by rendering a test scene file 
(/app/deps/illum1.pov) and comparing 
output against a reference image, with 
a provided sanity check command to 
verify the installation works correctly.

Example: Games
chess-best-move:
Analyze a chess position from an image 
file to determine and output the optimal 
move(s) for white. The solution must 
identify the best move(s) from the given 
board state and write them to a file in 
algebraic notation format (source 
square followed by destination square, 
e.g., e2e4). If multiple equally strong 
winning moves exist, all should be listed 
on separate lines.

47
Examples from https://arxiv.org/pdf/2601.11868 



In-Class Poll

Question:
What are the potential 
societal impacts of 
coding agents?

48

Answer:



CODE MODELS
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Code Generation with LLMs

50
Figure from https://aclanthology.org/2023.acl-long.411.pdf 



Code Generation with LLMs

51
Figure from https://arxiv.org/pdf/2406.00515



Approaches to Code Generation

Here we consider a few representative examples of code 
models:
• CodeBERT
• Codex
• CodeT5
• InCoder / FIM
• StarCoder
• LongCoder
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CodeBERT
• One of the early successes in 

this space, CodeBERT has 125M 
model parameters (same 
architecture as RoBERTa)

• Two pre-training objectives:
– Masked language modeling 

(MLM) 
– Replaced token detection (RTD)

• Example application:
– natural language code retreival

53
Figure from http://arxiv.org/abs/2002.08155



Codex
• The original model behind 

GitHub Copilot
• GPT-3 model with 12B 

parameters fine-tuned on 159 
GB of Python code

• Notably: using a pre-trained 
GPT-3 does not improve 
performance, but does improve 
convergence time

54
Figure from http://arxiv.org/abs/2107.03374



CodeT5
• CodeT5 is based on the T5 

encoder-decoder 
Transformer architecture

• Like T5, CodeT5 brings 
together a number of 
different tasks

55
Figure from https://arxiv.org/pdf/2109.00859
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InCoder / FIM

InCoder (April 2022)
• Place a mask token where you want to 

fill in the code

FIM (July 2022)
• Goal is to train a model that fills in the 

middle
• Divide the code snippet into (prefix, 

middle, suffix)
• Then train with examples of the form:

<PRE> prefix <SUF> suffix <MID> middle

• And predict using examples of the form:

<PRE> prefix <SUF> suffix <MID>

56

Question how do we use an 
causally-masked LM to fill in 

code in the middle of code file?

Figure from https://arxiv.org/pdf/2204.05999 FIM paper https://arxiv.org/pdf/2207.14255



StarCoder

StarCoder
• (Was) one of the best open source 

Code Models
• Used FIM for pre-training a 15.5B 

parameter model on 1 trillion tokens 
of text

57



LongCoder

• LongCoder aims to 
address the 
problem of 
working with large 
codebases

• Employs sparse 
attention to 
handle long input 
sequences
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CODE MODEL-SPECIFIC TECHNIQUES
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Iterative Self-Refinement
• Normally self-correction 

with an LLM (e.g. for 
reasoning problems) does 
not work

• However, when 
performing self-correction 
on a code model, we may 
also have access to unit 
test output

• This output from unit 
tests can lead to great 
success in iterative self-
refinement at test time

61
Figure from https://arxiv.org/pdf/2406.00515



TOOL CALLING
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Tool Calling
• Tool calling lets an LLM choose and 

invoke external functions instead of only 
generating text.

• A tool usually has a name, a description, 
and a schema for its arguments.

• The model decides when a tool is 
needed, outputs a structured call, gets 
the tool result back, then continues 
reasoning with that result.

• This is useful for actions or grounded 
data, like checking weather, querying a 
database, sending email, or doing 
calculations.

• The model is not “doing” the external 
action by itself; it is requesting that the 
surrounding system run the tool.

64



Kimi K2
• Synthesizes tool-use SFT data 

at scale: build a large tool-spec 
repository (real MCP tools + 
synthetic tools), then generate 
agents, tasks, and successful 
tool-calling trajectories

• Post-trains with joint RL in real 
and synthetic environments, 
so the model improves tool 
selection/sequencing from 
interaction outcomes, not just 
imitation

• Serves tools at inference by 
giving the model the available 
tool list each request; it then 
decides when/how to call 
them autonomously
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CodeAct
• For each interaction:

1. agent receives 
observation (either 
prompt to solve 
problem or exec 
result)

2. agent thinks / plans
3. agent takes an action 

(either respond to 
user or call tools)

4. when tool called, 
environment executes 
and produces exec 
result for agent

• Repeat until problem 
solved

68
Figure from https://arxiv.org/pdf/2402.01030
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CodeAct
• Key innovation of CodeAct: rather than use 

JSON to express actions (e.g. a declarative 
specification of a tool call), use a python 
program that treats tools as functions

• Enables consolidation of many tool calls into a 
single action

• Capitalizes on existing LLM’s prowess at code 
generation

• Idea has persisted into SOTA coding agents

70
Figure from https://arxiv.org/pdf/2402.01030



CODING AGENTS
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The Coding Agent Loop
• A coding agent loop is the repeated cycle an 

autonomous coding system uses to make 
progress on a programming task:

1. Understand the goal: read the task, 
codebase, and relevant files.

2. Plan the next step: choose a concrete action, 
like inspect code, edit a file, run tests, or 
search docs.

3. Act: make the code change or use a tool.
4. Observe feedback: read compiler errors, test 

results, logs, or tool outputs.
5. Revise: update its understanding and decide 

what to try next.
• This loop continues until the task is solved, it 

gets stuck, or it reaches a stopping condition. 
In compact form: read → plan → edit/run → 
inspect results → repeat.
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SWE-Agent

Agent Scaffolds
• Key observation: the way that tools are 

exposed to the agent is critically important to 
success

• Example tools:
– search / navigation

• find a file
• search within a file
• search within a directory

– file viewing
• open (and view 100 lines)
• scroll up / scroll down / goto line

– file editing
• write new file
• edit existing file

– execute
• run bash command
• execute python snippet
• run linter / compile code

• Example scaffolds/harnesses
– SWE-Agent 
– OpenHands

73
Figure from http://arxiv.org/abs/2402.01030



OpenHands

Agent Scaffolds
• Key observation: the way that tools are 

exposed to the agent is critically important to 
success

• Example tools:
– search / navigation

• find a file
• search within a file
• search within a directory

– file viewing
• open (and view 100 lines)
• scroll up / scroll down / goto line

– file editing
• write new file
• edit existing file

– execute
• run bash command
• execute python snippet
• run linter / compile code

• Example scaffolds/harnesses
– SWE-Agent 
– OpenHands

74
Figure from http://arxiv.org/abs/2402.01030



OpenHands System Prompt
You are OpenHands agent, a helpful AI assistant that can interact with a computer to solve 
tasks.

<ROLE>
Your primary role is to assist users by executing commands, modifying code, and solving 
technical problems effectively. You should be thorough, methodical, and prioritize quality over 
speed.
* If the user asks a question, like "why is X happening", don't try to fix the problem. Just 
give an answer to the question.
</ROLE>

<EFFICIENCY>
* Each action you take is somewhat expensive. Wherever possible, combine multiple actions into a 
single action, e.g. combine multiple bash commands into one, using sed and grep to edit/view 
multiple files at once.
* When exploring the codebase, use efficient tools like find, grep, and git commands with 
appropriate filters to minimize unnecessary operations.
</EFFICIENCY>

<FILE_SYSTEM_GUIDELINES>
* When a user provides a file path, do NOT assume it's relative to the current working 
directory. First explore the file system to locate the file before working on it.
* If asked to edit a file, edit the file directly, rather than creating a new file with a 
different filename.
* For global search-and-replace operations, consider using `sed` instead of opening file editors 
multiple times.
* NEVER create multiple versions of the same file with different suffixes (e.g., file_test.py, 
file_fix.py, file_simple.py). Instead:
  - Always modify the original file directly when making changes
  - If you need to create a temporary file for testing, delete it once you've confirmed your 
solution works
  - If you decide a file you created is no longer useful, delete it instead of creating a new 
version
* Do NOT include documentation files explaining your changes in version control unless the user 
explicitly requests it
* When reproducing bugs or implementing fixes, use a single file rather than creating multiple 
files with different versions
</FILE_SYSTEM_GUIDELINES>

<CODE_QUALITY>
* Write clean, efficient code with minimal comments. Avoid redundancy in comments: Do not repeat 
information that can be easily inferred from the code itself.
* When implementing solutions, focus on making the minimal changes needed to solve the problem.
* Before implementing any changes, first thoroughly understand the codebase through exploration.
* If you are adding a lot of code to a function or file, consider splitting the function or file 
into smaller pieces when appropriate.
* Place all imports at the top of the file unless explicitly requested otherwise or if placing 
imports at the top would cause issues (e.g., circular imports, conditional imports, or imports 
that need to be delayed for specific reasons).
* If working in a git repo, before you commit code create a .gitignore file if one doesn't 
exist. And if there are existing files that should not be included then update the .gitignore 
file as appropriate.
</CODE_QUALITY>

<VERSION_CONTROL>
* If there are existing git user credentials already configured, use them and add Co-authored-
by: openhands <openhands@all-hands.dev> to any commits messages you make. if a git config 
doesn't exist use "openhands" as the user.name and "openhands@all-hands.dev" as the user.email 
by default, unless explicitly instructed otherwise.
* Exercise caution with git operations. Do NOT make potentially dangerous changes (e.g., pushing 
to main, deleting repositories) unless explicitly asked to do so.
* When committing changes, use `git status` to see all modified files, and stage all files 
necessary for the commit. Use `git commit -a` whenever possible.
* Do NOT commit files that typically shouldn't go into version control (e.g., node_modules/, 
.env files, build directories, cache files, large binaries) unless explicitly instructed by the 
user.
* If unsure about committing certain files, check for the presence of .gitignore files or ask 
the user for clarification.
</VERSION_CONTROL>

<PULL_REQUESTS>
* **Important**: Do not push to the remote branch and/or start a pull request unless explicitly 
asked to do so.
* When creating pull requests, create only ONE per session/issue unless explicitly instructed 
otherwise.
* When working with an existing PR, update it with new commits rather than creating additional 
PRs for the same issue.
* When updating a PR, preserve the original PR title and purpose, updating description only when 
necessary.
</PULL_REQUESTS>

<PROBLEM_SOLVING_WORKFLOW>
1. EXPLORATION: Thoroughly explore relevant files and understand the context before proposing 
solutions
2. ANALYSIS: Consider multiple approaches and select the most promising one
3. TESTING:
   * For bug fixes: Create tests to verify issues before implementing fixes
   * For new features: Consider test-driven development when appropriate
   * Do NOT write tests for documentation changes, README updates, configuration files, or other 
non-functionality changes
   * If the repository lacks testing infrastructure and implementing tests would require 
extensive setup, consult with the user before investing time in building testing infrastructure
   * If the environment is not set up to run tests, consult with the user first before investing 
time to install all dependencies
4. IMPLEMENTATION:
   * Make focused, minimal changes to address the problem
   * Always modify existing files directly rather than creating new versions with different 
suffixes
   * If you create temporary files for testing, delete them after confirming your solution works
5. VERIFICATION: If the environment is set up to run tests, test your implementation thoroughly, 
including edge cases. If the environment is not set up to run tests, consult with the user first 
before investing time to run tests.
</PROBLEM_SOLVING_WORKFLOW>
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Figure from https://github.com/OpenHands/OpenHands/blob/754a96e7f33c68f55e7323d37f83234846cef519/openhands/agenthub/codeact_agent/prompts/system_prompt.j2 



Codex CLI System Prompt

76
Figure from https://github.com/openai/codex/blob/d90a3488704c6a2d0a3f50c3a17c9e1a52a7ddd9/codex-rs/protocol/src/prompts/base_instructions/default.md



Key Challenges of Building a Coding Agent
• Code search
– If you can’t find a bug, you can’t 

fix it
– If you don’t know where a feature 

should be placed, it’s hard to 
implement

• Editing Code
– This is the fundamental code 

generation problem
– Once the right location for code 

editing is found, we need to 
generate a patch

• Creating training data
– Three sources:

• Reinforcement learning to rollout full 
trajectories of how to solve a 
problem

• Synthetic trajectory creation 
• Soft-verified patches (e.g. SERA)

77
Figure from https://arxiv.org/pdf/2601.20789



Training Data for Coding Agents

1) Supervised pretraining data
Start from a strong foundation model 
trained on:
• code corpora 
• natural language 
• technical docs 
• terminal-like text 
• diffs/patches 
• issue discussions 
• tests and error traces

2) Agent-specific fine-tuning data
To turn a code model into an agent, you 
need trajectory data, not just (prompt, 
completion) pairs.
Useful data types:
• issue → patch 
• issue → failing test → patch 
• repo context → tool-use trajectory 
• observation-conditioned action traces 
• edit proposals with verifier results 
• successful and failed trajectories 
• human demonstrations of debugging
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What should a training example look like?

79

A canonical data schema. A useful training example can be repre‐
sented as

x = (repo snapshot, task, tool schema, history)
y = (next action, action args,optional rationale)

Or, at the episode level, we can write

D = {(τi, ri)}
N
i=1

where τi is the full action–observation trajectory and ri is the reward
or veriƤcation signal for that trajectory.



Data Source 1: Synthetic Data Generation

80
Figure from https://arxiv.org/abs/2504.21798



Data Source 2: Reinforcement Learning

81
Figure from https://arxiv.org/pdf/2502.18449



Data Source 3: Soft Verified 

82
Figure from https://arxiv.org/pdf/2601.20789



Multi-Agent 
Architectures

83
Figure from https://resources.anthropic.com/hubfs/2026%20Agentic%20Coding%20Trends%20Report.pdf 



The Coding Agent Software Stack

84
Figure from https://openhands.dev/blog/agent-control-plane



AUTONOMOUS AGENTS
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LLM-based Autonomous Agents
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Large Language Models as Agents
• Mind2Web enables 

interaction with HTML 
generated GUIs through 
direct access to the 
HTML

• The system consists of 
two models (1) Ranking 
LM and (2) Prediction 
LLM

88
Figure from http://arxiv.org/abs/2306.06070
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Visual Language Models as Agents
• A typical VLM can be used to develop an agent for autonomous 

interaction with a graphical user interface (GUI)
• Typically, there are two key components:
– Visual grounding model: this part identifies the next action to take, e.g. where 

to click/type/interact with the GUI based on the prompt and the current 
screenshot

– GUI agent model: this guides the overall interaction to achieve the end goal

91
Figure from http://arxiv.org/abs/2401.10935



Set-of-Mark 
Prompting
• Key idea: label 

the semantically 
meaningful 
components of 
each image with 
numbers

• The numbers are 
directly 
embedded into 
the image by 
changing the 
pixels

• The prompt can 
refer to the 
numbers or not

92
Figure from http://arxiv.org/abs/2310.11441
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• Question: How do we identify the regions to label?
• Answer:  Use an off-the-shelf segmentation model!

https://segment-anything.com/demo
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• Question: Does set-of-mark prompting work with an VLM?
• Answer:  Not necessarily. The paper found that GPT-4V could 

interpret and ground itself in the marks. However, other 
models including Llava-1.5 and MiniGPT-v2 could not.

Figure from http://arxiv.org/abs/2310.11441



SeeClick
• Key Idea: directly train an off-the-shelf VLM (Qwen-VL) to perform individual 

actions by looking only at the screenshot 

95
Figure from http://arxiv.org/abs/2401.10935



SeeClick
• Key Idea: directly train an off-the-shelf VLM (Qwen-VL) to perform individual 

actions by looking only at the screenshot 
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Figure from http://arxiv.org/abs/2401.10935



Using Reinforcement Learning to Train Agents
• Problem: there are actually many ways to complete a task, so how do 

we train a model without immitating a human’s attempt at completing 
the task?

• Solution: use RL, where the positive reward comes at the end if the task 
was completed successfully

97
Figure from https://arxiv.org/pdf/2411.02337v1



OVERVIEW
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Classification and Regression: The Big Picture

99



Learning Paradigms
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ML Big Picture
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Learning Paradigms:
What data is available and 
when? What form of prediction?
• supervised learning
• unsupervised learning
• semi-supervised learning
• reinforcement learning
• active learning
• imitation learning
• domain adaptation
• online learning
• density estimation
• recommender systems
• feature learning
• manifold learning
• dimensionality reduction
• ensemble learning
• distant supervision
• hyperparameter optimization

Problem Formulation:
What is the structure of our output prediction?

 

boolean Binary Classification
categorical Multiclass Classification
ordinal Ordinal Classification
real Regression
ordering Ranking
multiple discrete Structured Prediction
multiple continuous (e.g. dynamical systems)
both discrete & 
cont.

(e.g. mixed graphical models)

Theoretical Foundations:
What principles guide learning?
q probabilistic
q information theoretic
q evolutionary search
q ML as optimization

Facets of Building ML 
Systems:
How to build systems that are 
robust, efficient, adaptive, 
effective?
1. Data prep 
2. Model selection
3. Training (optimization / 

search)
4. Hyperparameter tuning on 

validation data
5. (Blind) Assessment on test 

data

Big Ideas in ML:
Which are the ideas driving 
development of the field?
• inductive bias
• generalization / overfitting
• bias-variance decomposition
• generative vs. discriminative
• deep nets, graphical models
• PAC learning
• distant rewards

A
pp

lic
at

io
n 

A
re

as
Ke

y 
ch

al
le

ng
es

?
N

LP
, S

pe
ec

h,
 C

om
pu

te
r 

Vi
si

on
, R

ob
ot

ic
s,

 M
ed

ic
in

e,
 

Se
ar

ch



Course Level Objectives
You should be able to…
1. Implement and analyze existing learning algorithms, including well-studied methods for 

classification, regression, structured prediction, clustering, and representation learning
2. Integrate multiple facets of practical machine learning in a single system: data preprocessing, 

learning, regularization and model selection
3. Describe the the formal properties of models and algorithms for learning and explain the 

practical implications of those results
4. Compare and contrast different paradigms for learning (supervised, unsupervised, etc.)
5. Design experiments to evaluate and compare different machine learning techniques on real-

world problems
6. Employ probability, statistics, calculus, linear algebra, and optimization in order to develop new 

predictive models or learning methods
7. Given a description of a ML technique, analyze it to identify (1) the expressive power of the 

formalism; (2) the inductive bias implicit in the algorithm; (3) the size and complexity of the 
search space; (4) the computational properties of the algorithm: (5) any guarantees (or lack 
thereof) regarding termination, convergence, correctness, accuracy or generalization power.
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