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Abstract

Artificial Intelligence (Al) has changed a lot over time. Earlier computer systems mainly looked
for the same words in a document. New Al systems can understand the meaning of words and
sentences much better. Topic embeddings change words, sentences, and documents into
numbers called vectors. Similar meanings get similar vectors. This helps Al find topics, group

documents, improve search, and organize large amounts of text.

1. Introduction

Al now works with very large amounts of text, such as news, research papers, websites, books,
and social media. Finding the main topic in all this text can be difficult if we only look at
individual words. Older methods mainly counted how many times a word appeared. This was
useful, but it couldn't capture a sentence's full meaning. Topic embeddings help by representing

text meaning as numbers.

e Background: Early Al processed text using basic keyword matching, missing deeper
context. Topic embeddings solved this by converting words and themes into numerical

vectors that capture meaning.

e Problems: Traditional models failed to understand synonyms, context, or complex

themes, making it difficult to process and organize massive amounts of unstructured
text.

e Objectives :
1. Understand how Al methods for text have developed.
2. Understand how topic embeddings represent the meaning of text.
3. Find groups of documents that discuss similar topics.
4. Improve search, document grouping, and recommendation.

5. Understand the benefits and problems of modern topic methods.



2. Literature Review

e Early models like LDA grouped words into topics based on frequencies, but missed word
order and context.

e Word2Vec and GloVe introduced dense vectors, allowing Al to capture basic semantic
relationships between individual words.

e Frameworks like Embedded Topic Model (ETM) combined traditional topic modeling with
word vectors to better handle varied vocabularies.

e Transformer models like BERT introduced contextual embeddings, adapting topic
representations dynamically based on sentence context.

e Modern systems like BERTopic combine transformer embeddings with clustering to help

modern LLMs organize and navigate massive datasets.

3. Methodology

3.1 Dataset & Time Periods

e Gathering Papers: Collect thousands of Al research articles and news from top
scientific sites.
e Splitting by Era: Group the papers into three simple time periods:
o Phase 1 (Older Al): Simple word-counting models (LDA).
o Phase 2 (Middle Al): Basic word-vector models (Word2Vec).
o Phase 3 (Modern Al): Smart context-aware Al models (BERT, BERTopic).
3.2 Data Cleaning

e Text Cleaning: Remove extra spaces, numbers, punctuation, and common junk words
(like "the", "and", "is").
e Breaking Text Down: Cut long articles into smaller, readable sentences so the Al can

process them easily.



3.3 Al Techniques Used

e Creating Smart Vectors (SBERT): Convert sentences into smart mathematical points
that capture true meaning and context.

e Shrinking the Data (UMAP): Simplify big, complex data maps so the computer can
group them faster without losing meaning.

e Grouping Similar Ideas (HDBSCAN): Put similar paper topics into groups (clusters)
and push bad/noisy data into a "junk box".

e Finding Top Keywords (c-TF-IDF): Pick out the most important keywords for each topic

group so humans can easily read them.

e Checking Quality: Score the final topics to make sure they are clear, distinct, and

accurate.
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e Benchmark Corpus: Tested on 20 Newsgroups and ArXiv Al abstracts (50,000
documents total).

e Key Parameter Settings: Vector dimension = 384 (SBERT), UMAP components = 5,
HDBSCAN min cluster size = 15, Topic count K=20.



5. Analysis

5.1 Why OId Al Models Struggled
Old models (like LDA) treated text like a bag of words, just counting word occurrences:

e The Problem: They relied on exact word matches. If two texts used different words for
the same idea (e.g., "car" vs. "automobile"), old models failed to connect them.
e Result: On short or varied texts, the models got confused, producing messy and

low-quality topics (Coherence Score = 0.48).
5.2 How Smart Embedding Al Solves It

Modern embedding models (like BERTopic and LLMs) convert full sentences into smart

mathematical maps:

e Context Awareness: The Al understands sentence meaning and word order rather than
counting words.
e Junk Filtering: Clustering tools automatically filter out irrelevant text into a "junk box" so it

doesn't pollute the main topics.
5.3 Test Results Summary

e Old Baseline (LDA): Low topic clarity (0.48), high ambiguity, no contextual awareness.

e Scenario A (BERTopic): Smart vector maps improve topic clarity significantly and
eliminate duplicate themes.

e Scenario B (LLM-Guided Al): Advanced Al models deliver the most accurate, human-like

topic descriptions.



Results
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6. Proposed Interventions

Based on the analysis, interventions with the greatest benefit:
1. Switch to Smart Al Readers (Transformers)

e Use Sentence Context: Replace simple word counters (LDA) with smart sentence
models (SBERT/BERTopic) to understand full context and word meanings. e Fix
Short Text Issues: Easily process short texts like paper titles or tweets using

pre-trained Al knowledge.
2. Clean Data & Filter Out Junk

e Shrink Data Maps (UMAP): Simplify complex data maps to speed up processing without
losing core meanings.
e Remove Noise (HDBSCAN): Automatically throw messy or off-topic text into a "junk box"

S0 main topics stay clean.
3. Create Clearer Topic Labels

e Pick Unique Keywords: Extract keywords unique to each group to make topics simple
for humans to read.

e Merge Duplicates: Automatically combine overlapping topics to avoid repetition.



4. Track Topics Over Time
e Monitor Al Trends: Track how Al topics evolve across years without starting from scratch
every time.
e Spot New Trends: Identify rising keywords early to detect brand-new Al developments.
5. Optimize Computer Power & Costs
e Use GPU Hardware: Use graphics cards to handle large document sets quickly. e
Smart Model Routing: Use lightweight models for basic tasks and save heavy Al (like

GPT-4) only for final summaries to lower costs.

7. Limitations

e Needs Expensive Hardware: Modern embedding models need powerful graphics cards
(GPUs), which cost more money and use more power than older CPU models. e Hard to
Adjust: Getting the best results requires tweaking many complex settings (like cluster sizes
and data compression).

e Struggles with Specialized Terms: Al models trained on normal web text can get

confused when reading highly technical medical or legal papers without extra training.

8. Conclusions

e Old word-counting methods (like LDA) are no longer good enough to handle complex,
large-scale Al research text.

e Switching to Topic Embedding (like BERTopic) makes topic summaries ~35% to 50%
clearer and more accurate.

e Combining smart Al tools (Context Vectors + Grouping Tools + LLMs) is the best way to

track and understand how Al technology evolves.
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