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Our Favorite Topic Models
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Nuanced Corpus Analysis 
If topic modeling was the answer, what is the question?
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Little Innovation for Nuanced 
Analysis on Large Corpora

Image credit: https://delvetool.com/blog/deductiveinductive
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Little Innovation for Nuanced 
Analysis on Large Corpora
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Little Innovation for Nuanced 
Analysis on Large Corpora
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Inductive Coding at Scale
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Breaking News January 2025
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TikTok 
“Refugee”?

https://www.bbc.com/news/articles/c2475l7zpqyo

https://www.npr.org/2025/01/15/nx-s1-5260742/tiktok-china-rednote-xiaohongshu-app

▪ ~ 63,000 posts

▪ ~700,000 new users
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Inductive coding 
in the wild: From 
exile to visibility

▪ Analysis Question:

o What kinds of identity 
roles do TikTok Refugees 
enact in their first posts 
on Xiaohongshu? 

▪ Data: ~ 200 first posts 

▪ Line by line

▪ -> 5 roles (Refugee, Witness, 
Connector, Mediator, 
Collaborator)

Yang and Li, 2026
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Current approaches

Downsample data Topic modeling

Not scalable Bad Control
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Hierarchical v.s. Incremental

▪ Pass all documents to generate 
codes

▪ Hierarchically merge codes into 
groups by iterations

▪ Start with a batch of documents

▪ Generate codes: preliminary set

▪ Add, recode/merge, drop codes

▪ Repeat
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HICode: Pipeline Overview 
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Prompting that 
works

▪ Nuanced literature review

▪ Analysis Question: What are values 
encoded in machine learning research?

▪ Data: Abstracts and introductions of ML 
papers

Zhong et al., 2025
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Prompting that 
works

▪ Background information: clarify definitions 
and describe data

o A value of an entity is a property that is 
considered desirable for that kind of 
entity. Highly cited papers are collected 
to identify and analyze emergent values 
of the machine learning field. We are 
using scientific papers from machine 
learning to conduct INDUCTIVE 
LABELING.

▪ Goal of Inductive Coding

o what specific values regarded and 
justify as desirable attributes for 
machine learning research
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Evaluation is hard

Theme-level

▪ How much does model capture the 

themes annotated by human?

Segment-level

▪ Given the correct final theme, does 

it label the text correctly?

Goal: comprehensive + minimal.  ➔ Modified precision and recall 
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Hypothesis Generation 
with Sparse Autoencoders

Image Credit: https://xkcd.com/2569/



Autoencoder

Goal: Output  = Input 

Idea: Approximate an identity matrix with constraints

Input x Output x̂
Latent h

h = Wx + b

x̂ x

L(x, ) =x̂ ∣∣x− ∣∣x̂ 2

Encoder: Compresses into low-dimensional latent representation 
.

h

h = Wx+ b

Decoder: Reconstructs  from .x̂ h

=x̂ W h+′ b′

=x̂ W Wx+′ bias

Looks familiar? A linear autoencoder can be equivalent to PCA.



Going to non-linear

Activation functions to rescue

Latent vector:

Sigmoid activation:

h = σ(Wx+ b)

σ(z) =  

1 + e−z

1



Enforce Sparsity

Motivation: sparse coding hypothesis from neuroscience

Some neurons are useful -> active (push it to 1), others are not -
> inactive (push it to 0)

Often larger latent dimension than input dimension ->
overcomplete

x x̂

Latent h



Sparse Autoencoder: KL divergence penalty

Add a sparsity penalty term to the loss function.

If a vector is sparse, the average activation should be small.

h1 h2 h3 ... h_d

:=ĥ  (h  +
d
1

1 h  +2 ... + h  ) →d 0



Sparse Autoencoder: KL divergence penalty

Formally, for each , enforce , e.g., h  =i [h , ...,h ]1 d
 =h  î ρ ρ = 0.05

KL(ρ∣∣h  ) =i ρ log  +
 ĥi

ρ
(1 − ρ) log  

1 −  ĥi

1 − ρ

Add this penalty to the original loss function:

L(x, ) +x̂ β KL(ρ∣∣  )∑ ĥi



k-Sparse Autoencoder

Makhzani and Frey, 2014

Constraint: keep exactly the top  highest activations, and zero

out the rest.

x

Latent h
k

1. Linear feedword pass h = Wx + b



k-Sparse Autoencoder

Makhzani and Frey, 2014

Constraint: keep exactly the top  highest activations, and zero

out the rest.

x

Latent h
k

1. Linear feedword pass h = Wx + b

2. Find  largest activations and zero out the restk



k-Sparse Autoencoder

Makhzani and Frey, 2014

Constraint: keep exactly the top  highest activations, and zero

out the rest.

x

Latent h

x̂

k

1. Linear feedword pass h = Wx + b

2. Find  largest activations and zero out the restk

3. Reconstruct  and backpropagate=x̂ W h +T b′
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Hypothesis Generation

▪ Discover themes from corpus

o You have an analysis question to study, e.g. political framing

• -> target variable “Party affiliation (D/R)”

o Generate (interpretable) predictive features

• Fightin’ words

• Topics from your favorite topic models

• Inductive codes from HiCode

▪ Hypothesis: an interpretable feature realized by natural language description that can 
be further tested for generalization
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HypotheSAEs: Pipeline

Movva et al., 2025
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HypotheSAEs: example result
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HypotheSAEs: 
comparing with 
baselines

▪ Less cost

▪ More significant hypotheses

▪ Qualitative evaluation

o Helpfulness

o Interpretability

Movva et al., 2025
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Last Slide Today!

▪ HiCode: Hierarchical Inductive coding at Scale

o Consider to use it in your projects!

▪ Hypothesis Generation via Sparse Autoencoder

o Potential caveats? Feature splitting/absorbtion

▪ Going forward…

o Multimodal Corpus Analysis?

o Better evaluation that captures human judgement? 
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