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Where are we?

▶ We have learned the basic building blocs and training methods for
large language models

▶ But how should we think of the interplay of the blocks in day to
day use

▶ How do the tools work in what context and for what purpose?

▶ Cover today some common pipelines or architectures for LLM
deployment

→ evolution of LLMs has followed scaling patterns with ever expanding
context windows, increase in number of parameters and development of
reasoning capabilities



Context Window Evolution

→ exponential evolution of context window with frontier models
achieving up to 1 million tokens



A human life in context?

Let us go back to the amount of information that a human life
generates or can transmit through speech

▶ We said its around 0.5 MB per day

▶ Average human life has several vocabulary expansions, but assume
we live 80 years in speaking mode

365 x 80 x 0.5 MB = 14.6 GB

In textual encoding approximately 3.76 billion tokens are contained
in 14 GB of plain text, assuming an average of 4 characters per
token.

▶ Present LLMs are far from being able to replicate a full human as
represented in textual output produced through context

▶ But we have seen massive and non-linear growth in capability



Plan

Working with LLMs

Causal Claims as an LLM Application

Working with embeddings

Developing scalable classifiers

Graph Representations and Neural Networks



Common use cases
▶ Data categorization or classification – applying of nomenclatures

Example: classification of gender or origins of names
▶ Information retrieval applications – retrieving a needle from a

haystack

Example: semantic search – memory expansion
▶ Dimensionality reduction – summarization of large datasets

Example: document summaries

▶ Dataset construction – leaning on stock of embodied knowledge
in LLM

Example: production networks

▶ Retrieval augmented dataset construction – prompt and
context into context

Example: causal claims in economics

▶ Reasoning tasks – complex bipartite matching tasks with
incomplete information

Example: harmonisation of opinion polling datasets



Retrieval augmented generation
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Case Study: Causal Claims in Economics

▶ Use LLM-supported retrieval and parsing to map causal concepts
across 44,000 NBER and CEPR working papers.

▶ The application is not only summarization: it turns papers into
queryable graphs of methods, mechanisms and claims.

▶ Stylized fact: causal empirical methods become much more
prominent after the early 2000s.



Retrieval Links Prose to Evidence Objects

▶ Economists often refer
to evidence indirectly:
“Figure 2”, “one month
lag”, “no pre-trends”.

▶ A RAG system retrieves
the paragraph and the
referenced object
together.

▶ This lets the model
reason about
identification checks
rather than only surface
wording.

→ retrieval is the bridge from narrative text to the specific figure, table
or appendix object carrying the empirical claim



Figures Become Structured Evidence

▶ Parse captions, labels, panels and variable names into a
machine-readable object.

▶ Once recovered, figures can be indexed across papers by outcome,
design and mechanism.



Tables Become Structured Evidence Too

▶ Tables reveal outcomes, samples, controls, fixed effects and
significance patterns.

▶ Structured extraction turns a PDF archive into a dataset searchable
by identification strategy, variable and result.
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Embeddings and Semantic Search

▶ Embeddings are the workhorse to most
RAG applications

Example: planning applications for
local councils across the UK

▶ Expanding work with Lily Shevchenko on
Spatial Institutions and Climate
(In)Action, we are building a large
database of planning applications

Study how individual spatial institutions
constrain e.g. housing development



Example of planning applications

put together database of 10 million + planning applications, together
with their council discussions and minutes to understand NIMBYism.



Embeddings and semantic search

▶ A sample of around 9.5 million planning applications each with
short description

▶ Use semantic search and matching to identify identical planning
applications subject to different constraints

▶ This requires creating creating pairwise comparisons of the
application in embedding space

▶ 9.5 million documents x 1024 embedding dimensionality

x 4 bytes for 32-bit float precision = 35 GB

▶ Quite often, building embeddings on the fly is not feasible for
applications but will get back to this later



Storage Options for Embeddings

▶ Local Storage Options for Embeddings
▶ Pickle (.pckl): easy, native Python, but not optimized for search.
▶ HDF5 / Parquet: columnar binary formats, efficient for large I/O.
▶ SQLite / DuckDB: lightweight databases for local embedding

storage with metadata.

▶ Search-Optimized Vector Databases
▶ Faiss (Meta): fast approximate nearest neighbors, supports flat and

quantized indexes (essentially adds a clustering step
▶ Qdrant / Milvus (Rust / C++): local server setups, support

filtering and persistence.
▶ PgVector: plugin for PostgreSQL, integrates embedding search into

SQL workflows.



Working with Text Embeddings: Chunking Strategy
Given limitations to context windows and often large datasets it still is
necessary to work with embeddings. Use text chunking to split into
manageable sizes.

▶ chunk size (e.g., 300–1000 tokens)

▶ chunk overlap (e.g., 50–200 tokens)

Token Stream

Chunk 1 Chunk 2(a)

Token Stream

Chunk 1 Chunk 2(b)

Typical guidance

▶ Short documents: one vector per document.

▶ Medium documents (1–2k tokens): chunk size 500–800, overlap 100–200.

▶ Long documents (more than 2k tokens): use a sliding window with overlap and
aggregate chunk embeddings.



Settings for chunking & embedding in AnythingLLM



Settings for chunking & embedding in AnythingLLM



Chunking and Embedding using OpenAI API

def chunk_text(text , size =512, overlap =100):

chunks = []

for i in range(0, len(text), size - overlap):

chunk = text[i:i+size]

chunks.append(chunk)

return chunks

embeddings = [

openai.Embedding.create(input=chunk , model="text -

embedding -3-small")

for chunk in chunk_text(document)

]



Estimating Embedding Dataset Size

Formula:
Size (bytes) = N × D × B

Where:

▶ N = Number of vectors (e.g. documents or chunks)

▶ D = Embedding dimension (e.g. 768, 1024)

▶ B = Bytes per float (4 for float32, 2 for float16, 1 for quantized)

Convert to storage units:

Size (MB) =
N × D × B

10242

Size (GB) =
N × D × B

10243

Example:

▶ 9M documents, 1024-dim, float32 ⇒ 9× 106 × 1024× 4 = 34.3 GB
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Classification is a most common application

▶ Working with unstructured data or even just for data filtering may
require deployment of classifiers

▶ Human brain is constantly in process of filtering information or
classifying – small kids, object sorting etc

▶ Building classification systems and nomenclatures enables
functional diplomacy

▶ Traditionally classification was done with a suite of techniques
typically distinguishing generative versus discriminative classifiers
▶ Typically dist
▶ Naive Bayes classification (we touched on this)
▶ Logistic regression or multinomial logistic regression
▶ Random forests, trees etc
▶ Support Vector machines

→ LLMs can be used to replace traditional machine-learning approaches
or can be used to supercharge



Introduction to classification

▶ Suppose you want to categorize some teaching feedback into two
categories.

▶ In our example we have Y ∈ {Positive,Negative}.
▶ Suppose you know what the priors are, i.e. you know what the

share of positive and negative feedbacks are in the population.



Best Classification Decision Without Additional
Information

▶ Suppose you now receive a new feedback Ỹ , and you want to
categorize it without any additional information

▶ What decision / assignment rule would minimize the
missclassification error?

Clearly this should be

Ỹ =

{
+ if P(+) > P(−)

− if P(+) < P(−)

What is the error that we make with this decision rule?

P(error) = min{P(+),P(−)}

So here, we would assign any feedback coming in as negative −; the
maximum error we can make is 18%.



Best Decision With Additional Information

▶ Suppose you now have additional information X , let that
information be the number of characters contained in a feedback.

▶ Suppose that the distribution of the number of characters is
smooth in the population.

▶ Plot the density function p(x |+) and p(x |−).



Using Bayes Rule

▶ For every value of x , we can compute the posterior probability using
Bayes rule.

P(+|x)︸ ︷︷ ︸
posterior

=

likelihood︷ ︸︸ ︷
p(x |+) ×

prior︷ ︸︸ ︷
P(+)

p(x)︸︷︷︸
marginal likelihood

where
p(x) = p(x |+)P(+) + p(x |−)P(−)



Using Bayes Rule

▶ Plot the posterior densities p(+|x) and p(−|x).

▶ How would you now decide on which label to assign? I.e. what is
the decision rule that minimzes test error?



MAP Decision Rule
▶ It seems intuitive, that you should assign

Ỹ =

{
+ if P(+|x) > P(−|x)
− if P(+|x) < P(−|x)

▶ This is called the Maximum A Posteriori decision rule.

P(+|x) > P(−|x)
▶ This boils down to (after plugging in)

p(x |+)× P(+)

p(x)
>

p(x |−)× P(−)

p(x)

p(x |+)

p(x |−)
>

P(−)

P(+)

▶ Here, we have just two values that Y can take, so the decision rule
is

P(+|x) > P(−|x) ⇒ P(+|x) > 1− P(+|x) ⇒ P(+|x) > 1/2



MAP Decision Rule Minimizes Test Error

▶ It turns out that the MAP decision rule is Bayes optimal, it
minimizes overall test error. We do not provide a formal proof, but
the intuition is given

▶ What is the error that we make incorporating the information
contained in x?

P(error |x) = min{P(+|x),P(−|x)}

▶ The total error over all x would be:

P(error) =

∫ ∞

0

joint︷ ︸︸ ︷
p(error , x) dx =

∫ ∞

0
P(error |x)p(x)dx

▶ MAP decision rule minimizes this error, because for every value of
x , we choose

min{P(+|x),P(−|x)}



The General Classification Problem

▶ A qualitative variable takes a value in set C, for example
Teaching Feedback ∈ {Positive, Negative, Neutral}, or, binary,
Email ∈ {Spam, No Spam}.

▶ We will denote |C| = c the number of different categories.

▶ We still observe a feature vector X and a responsive variable Y
that takes on values from the set C

▶ The MAP Decision rule says that we should assign

Ŷ = argmaxy∈CP̂(Y = y |X )

▶ As we saw, in the binary case, where c = 2, this boils down to
assigning an observation to Y = 1 if P̂(Y = 1|X ) > .5



Getting a P̂(Y = y |X )

There are different ways to arrive at P̂(Y = y |X ).

▶ In this section we will present three methods for obtaining a
P̂(Y = y |X ).

▶ They belong to two distinct classes of estimators

1. Discriminative – we treat it as an engineering problem
2. Generative – we have a model of the data generating process (think:

a probabilistic language model for text) and then estimate its
underlying fundamentals



Classification Example: Land Use Patterns

Figure: Classifiying pixels from satellite imagery into common land use clusters:
Cropland, Forest and Shrubland as used in Fetzer and Marden (2015).



Classification Example: Land Use Patterns

Figure: Classifiying pixels from satellite imagery into common land use clusters:
Cropland, Forest and Shrubland as used in Fetzer and Marden (2015).



MAP Decision Rule and Error Types

▶ MAP minimizes expected classification error.

▶ Error depends on the threshold c̄ used for decision.

▶ Trade-offs between Type I and Type II errors.



Classifier Evaluation Metrics

▶ Confusion matrix:
Predicted 0 Predicted 1

Actual 0 TN FP
Actual 1 FN TP

▶ Metrics:

Precision =
TP

TP + FP
, Recall =

TP

TP + FN
,

Specificity =
TN

TN + FP
, Accuracy =

TP + TN

TP + FP + TN + FN



Precision vs Recall: A Trade-off

▶ Increasing the threshold c̄ improves precision but may reduce recall.

▶ Lowering c̄ improves recall but increases false positives.
▶ Choice depends on application:

▶ Spam detection: false positives are costly → high precision.
▶ Disease screening: false negatives are costly → high recall.



Traditional machine learning cycle

Traditional Machine Learning cycle

with many iterative steps going from model learning to evaluation in a
circular fashion is overhead heavy and slow.

Image from https://github.com/kenhktsui/anyclassifier



With LLMs we can jump this process

▶ Use well curated prompt you can instruct an LLM to perform a
classification task

▶ Prompt may include examples in the context window

▶ Typically main trade-off is over what and how an LLM is being used

Research use: often times limited in focus to inference

Production use: focus on prediction and real time performance

→ lets look at some examples



Model Parameters Parameters and Model Behavior

The following parameters shape how the transformer decodes output
during inference:

▶ Response format: If specified (e.g., JSON schema), the model
conditions output structure – affects token probability masking.

▶ Temperature: Controls softmax sharpness

▶ Top P : Nucleus sampling truncates token distribution to smallest
set whose cumulative probability ≥ p. Helps limit long tail of
unlikely completions.

▶ Frequency penalty : Penalizes tokens already generated —
implemented via logit bias before softmax.

▶ Presence penalty : Penalizes any prior appearance of a token —
encourages introducing new topics.



Where Temperature and Sampling Fit in Generation

Inference Pipeline Steps:

1. Transformer outputs logits zt(w) for all tokens.

2. Logits are adjusted:
▶ Apply temperature: zt(w)/T
▶ Apply presence/frequency penalties: specific zt(w) adjusted

3. Apply softmax:

P(wt | w<t) =
exp(zt(w)/T )∑
w ′ exp(zt(w ′)/T )

4. Apply Top-P Sampling:
▶ Sort tokens by P(w)
▶ Select smallest set where cumulative

∑
P(w) ≥ p

▶ Sample from this truncated set

Note: This sequence governs how language is sampled at each step of
generation.



Temperature and the Softmax Distribution

In a text generation task, we model:

P(wt | w1,w2, . . . ,wt−1) =
exp

(
zt(wt)
T

)
∑

w ′ exp
(
zt(w ′)

T

)
▶ wt : next token to be predicted

▶ zt(w): unnormalized logit for token w at position t

Temperature inflates or deflates the transformer derived scores

▶ T = 1: standard softmax

▶ T < 1: sharper distribution - high-probability tokens become even
more likely (low entropy)

▶ T > 1: flatter distribution - encourages exploration (higher entropy)

Temperature scaling is applied after logits are produced by the
transformer but before sampling of words.



Traditional machine learning cycle

Traditional Machine Learning cycle

with many iterative steps going from model learning to evaluation in a
circular fashion is overhead heavy and slow.

Image from https://github.com/kenhktsui/anyclassifier



Problems with LLM approach

▶ Some data sources extremely high volume high frequency data

Think: social media, online streaming platforms etc. or even some
text

▶ If every human were to produce 0.5 MB of spoken text a day this
would still be

8 billion humans producing text all day amounts to 8 billion x

0.5 MB = 3,204,346 GB

▶ Most (signal) intelligence agencies engage in social listening

Need MUCH faster processing of information and quick setup of
social listening pipelines

▶ This is why there is a battle over control of two dimensions

digital identity + digital infrastructure



Challenges around social listening

→ and quickly changing topic space



How can we combine quality of LLMs with efficiency of
bespoke models?

Enter solutions like anyclassifier

with many iterative steps going from model learning to evaluation in a
circular fashion is overhead heavy and slow.



Model Options in anyclassifier

SetFit (default):

▶ Uses Sentence Transformers to embed text

▶ Trains a logistic regression or linear classifier on top

▶ Fast, efficient, scalable for large datasets

▶ Avoids full fine-tuning ⇒ much faster than traditional transformers

FastText:

▶ Shallow classifier using n-gram features and embeddings

▶ Developed by Facebook; scales to millions of examples

▶ Closest to classical ML (e.g., SVM) in spirit and performance

Transformers (optional):

▶ Fully fine-tuned models (e.g., BERT)

▶ More accurate, but slower and computationally heavy



What’s Automated?

▶ LLM-driven labeling: High-quality pseudo-labels from LLMs

▶ Few-shot learning: Improve label quality with example inputs

▶ Synthetic data generation: LLMs can generate labeled training
samples
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Economists Often Start from a DAG

Local conditions X

Policy / news D Beliefs / salience M

Outcome Y

Institutions Z

▶ A DAG encodes an economic mechanism: treatment, mediator,
outcome and the backdoor paths that must be addressed.

▶ This is how economists write down identification assumptions
before estimating anything.

▶ The node labels are substantive rather than generic: policy, beliefs,
institutions and outcomes.



DAGs and Neural Nets Use the Same Visual Grammar

D M

Y

X

Economist’s DAG
Edges carry a causal interpretation

x1

x2

x3

h1

h2

ŷ

Neural network
Edges carry learned weights

▶ Both are directed graphs, but their semantics differ.

▶ In a DAG we specify assumptions; in a neural net we learn a
representation that optimizes prediction or classification.

▶ For LLM applications, graph structure gives interpretability while
neural nets give flexible function approximation.



Combining Economic DAGs with Neural Representations

Paper text Embeddings LLM extraction DAG / claim graph

Search, compare, audit

▶ Neural nets supply the latent representations that make retrieval,
matching and extraction possible.

▶ Economists still need a mechanism language: treatments,
mediators, confounders, outcomes and identification checks.

▶ This combined workflow is exactly what the causal-claims
application is trying to operationalize.
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