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Prompt: What are the primary GPT chat engines available?
Please describe each and compare.

There are several major GPT-based chat engines available, each with distinct capabilities, strengths, and
target audiences. Here’s a comparison of the primary ones:

1. OpenAl's ChatGPT
e Model: GPT-4 (latest version as of 2025)
e Provider: OpenAl
¢ Capabilities:
o Strong reasoning, creative writing, and coding skills
o Can access real-time web search in some versions (Pro and Enterprise)
o Memory capabilities being tested (remembers user preferences over time)
o APl access for developers
¢ Best For: General users, businesses, programmers, educators, and creative professionals
¢ Weaknesses:
o Freeversionis limited to GPT-3.5
o Proaccess costs $20/month

o May still generate outdated or incorrect information occasionally

2. Google Gemini (formerly Bard)
e Model: Gemini 1.5 (latest as of 2025)
e Provider: Google DeepMind
¢ Capabilities:
o Strongin multimodal reasoning (text, images, audio, video)

o Tightly integrated with Google Search and Workspace (Docs, Gmail)
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o Free for most users, some advanced features in paid versions
¢ Best For: Research, information retrieval, Google ecosystem users
¢ Weaknesses:
o Some limitations in creative writing compared to ChatGPT

o Stillimproving code generation and reasoning abilities

3. Anthropic Claude
¢ Model: Claude 2 (Claude 3 rumored soon)
¢ Provider: Anthropic
¢ Capabilities:
o Prioritizes safety and ethics in Al responses
o Strong contextual understanding and document analysis
o Often better at avoiding misinformation
¢ Best For: Legal and financial professionals, those prioritizing Al safety
¢ Weaknesses:
o Lesswidely integrated than ChatGPT and Gemini

o APl and enterprise access still developing

4. Microsoft Copilot (based on OpenAl's GPT)

e Model: GPT-4 (Microsoft-enhanced version)

¢ Provider: Microsoft (integrates OpenAl models)

¢ Capabilities:
o Integrated into Microsoft Office (Word, Excel, Outlook)
o Available within Windows as a built-in assistant
o Real-time web browsing through Bing

e Best For: Business professionals, Microsoft ecosystem users

¢ Weaknesses:

o Limited capabilities for general users without Microsoft 365
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o Some features locked behind enterprise plans

5. Meta's LLaMA (Large Language Model Meta Al)
¢ Model: LLaMA 2 (LLaMA 3 expected soon)
e Provider: Meta (Facebook)
¢ Capabilities:
o Open-source (developers can modify and fine-tune)
o Competitive performance for an open model
e Best For: Researchers, developers looking for customizable Al
¢ Weaknesses:
o Notasrefined as ChatGPT or Gemini for consumer use

o Requires technical knowledge to implement effectively

Comparison Summary

Gemini Claude Copilot
Feature ChatGPT (OpenAl) . . LLaMA (Meta)
(Google) (Anthropic) (Microsoft)
. . Google Ethical Al, . .
Creativity, coding, ||. . Office suite Open-source,
Strengths integration, contextual . . .
memory features integration customizable

multimodal Al |lunderstanding

Subscription . . Limited Requires
. Less creative Less widely . .
Weaknesses|required for GPT-4, . . . outside technical
. writing ability |available ]

occasional errors Microsoft knowledge

Best F General users, Research, Legal, finance, Business, Developers, Al
est For
coders, businesses ||Google users ethical Al use enterprise researchers

Would you like recommendations based on specific use cases?
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Prompt: If | am looking for authors, in particular, arenas and want to learn about each
author and compare and contrast their perspectives, which is better.

If you're specifically looking for authors across various arenas (literature, philosophy, history, science,
etc.) and want to learn about their perspectives in-depth and compare them, the best GPT-based chat
engine depends on your needs:

Best Al for Learning About Authors and Comparing Perspectives
1. Google Gemini
o Why?
= Strong real-time web search integration (often more updated author details)
=  Well-suited for comparative analysis using multiple sources
= Multimodal capabilities (can analyze images of texts, author photos, or charts)
= Google Books and Scholar integration make it excellent for academic research
o BestFor:
= Researching multiple perspectives
= Finding and comparing authors' works
= Cross-referencing historical and contemporary writers
2. ChatGPT (OpenAl, GPT-4 Turbo with Web Access)
o Why?
= Strong at summarizing different writing styles and viewpoints

= Good at thematic comparisons (e.g., how Orwell and Huxley critique dystopias
differently)

= Can generate detailed comparative essays and analysis
o BestFor:
= Comparing philosophical or literary themes
= Generating book summaries and interpretations
= Drafting essays, reviews, or author studies
3. Claude (Anthropic)
o Why?

= Deep contextual understanding—good at analyzing long texts
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= Often more ethically sensitive in nuanced discussions

= Strong document processing—good for uploading and analyzing entire books or
long essays

o BestFor:
= Ethical, philosophical, and political authors
= Comparative historical perspectives
= Literary analysis with an emphasis on moral or ethical dimensions
4. Microsoft Copilot (Bing Al)
o Why?
= Direct web search with integrated citations
= Useful for finding interviews, author quotes, and scholarly articles
= Tied to Microsoft Office, so great for research-based writing
o BestFor:
= Academic research (citations from journals, book databases)
= Fact-checking and source validation
5. Meta LLaMA (Open-source, requires setup)
o Why?

= If you want to train your own Al on author-specific corpora, LLaMA allows fine-
tuning

= Not user-friendly for general research—best for Al developers
o BestFor:
= Researchers or developers who want to customize their Al
Final Recommendation Based on Your Needs
¢ For general author comparisons & perspectives: ChatGPT or Google Gemini
e For deep ethical or philosophical analysis: Claude
¢ For academic rigor and citations: Microsoft Copilot
¢ For building a personalized Al tool: LLaMA

Would you like a sample comparative analysis on two authors to see how different Al models approach
it?



GenAl Chat Engines, DeepSeek, and David Marr’s Three Levels of Analysis; Page 7 of 39

Prompt: You do not mention Deepseek. Why not?

You're right to bring that up! Deepseek is an emerging Al model, particularly strong in certain technical
and research-based areas. | didn’t include it initially because it’s still evolving in mainstream applications
compared to ChatGPT, Gemini, Claude, and Copilot. However, let’s explore Deepseek in the context of
author analysis and comparison.

Deepseek Al
¢ Provider: Deepseek Al (Chinese-based Al research company)

Model: Deepseek LLM (latest versions vary, some open-source)

Key Strengths:
o Research-oriented - strong in academic literature and technical writing
o Multilingual capabilities — good for analyzing authors across different languages
o Document understanding — can process long-form text effectively
o Potential for deep search capabilities

Best Use Cases for Author Comparison:

o Ifyou're comparing historical authors, philosophers, or academic writers, Deepseek
might be useful because of its research focus.

o Ifyou need multilingual comparisons (e.g., Western vs. Eastern philosophy, different
literary traditions).

o Ifyouwant in-depth analysis of complex academic or scientific texts, Deepseek may
handle them better than standard GPT models.

¢ Weaknesses:
o Lessrefined for casual or creative writing compared to ChatGPT.

o Limited general knowledge base (not as strong in pop culture, fiction, or modern literary
analysis).

o Not as widely integrated with everyday tools like Google Gemini or Microsoft Copilot.
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How It Compares for Author Studies

Deepseek ChatGPT Gemini Claude Copilot
Al (OpenAl) (Google) (Anthropic) (Microsoft)

Feature

Research Strength

Creative Writing
Analysis

Academic Citations

Multilingual
Support

Ease of Use

Final Verdict

If you want deep academic insights on authors across cultures, Deepseek Al is a strong option.

If you're looking for a broader literary or creative comparison, ChatGPT or Gemini are better.

If ethical or philosophical perspectives matter, Claude is a strong choice.
¢ Ifyou need verified sources and citations, Microsoft Copilot or Deepseek are better.

Would you like me to run a comparison between two authors using one of these models?

Prompt: As | understand it, the number of parameters within the LLM makes a big
difference in terms of the pre-training of a GPT. How are parameters related to GPT
strength, and also, how are parameters related to the number of transformers?

You're asking an excellent technical question about parameters, transformers, and their relationship
to GPT performance. Let’s break it down in a structured way.

1. What Are Parameters in an LLM?

e Parametersin a Large Language Model (LLM) are the numerical weights that a model learns
during pretraining.
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¢ These weights determine how the model processes text, makes predictions, and generates
responses.

¢ The more parameters, the more complex the model is, which usually means better
performance, deeper reasoning, and more nuanced understanding.

How Parameters Affect GPT Strength:
More parameters > better ability to generalize knowledge
More parameters > better long-range dependencies in text

More parameters > higher reasoning ability (fewer hallucinations, better logic)

X More parameters > more compute power needed (slower, costlier to run)

Example of Parameter Scaling in LLMs:

Model Number of Parameters Strength

GPT-3 ~175 billion Good, but hallucinates

GPT-4 ~1 trillion (est.) More accurate, better logic

LLaMA 2-7B 7 billion Smaller, faster, but weaker

LLaMA 2-65B 65 billion Stronger but requires high-end GPUs

2. What Are Transformers in an LLM?
o Transformers are the architecture used in GPT models.
¢ They use self-attention mechanisms to process text efficiently.

¢ The number of transformer layers affects how deeply the model processes and understands
information.

How Transformers Relate to Parameters:
¢ Eachtransformer layer has multiple attention heads, and each head has parameters.
¢ More transformer layers > more parameters > higher reasoning power.

¢ However, parameters also come from feedforward networks inside transformers, not just
attention layers.
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Example of Transformer Scaling:

Model

GPT-2

GPT-3

GPT-4

Gemin

Number of Transformer Layers Parameter Count Performance
48 1.5 billion Basic
96 175 billion Advanced
100+ ~1 trillion (est.) Very strong
i1.5 100+ Unknown (likely >1T) Multimodal & reasoning-heavy

3. Key Takeaways:

1.

Parameters = total learning capacity. More parameters mean better memory, deeper
understanding, and richer responses.

Transformers = processing power. More layers mean better handling of complex queries but also
require more compute resources.

Balance matters. A well-optimized model (e.g., LLaMA 2-65B) can outperform a bigger but
poorly trained model.

Would you like a deeper breakdown of a specific GPT model's architecture?

Prompt: Yes. Deepseek architecture compared to other GPT architectures, please.

DeepSeek has introduced innovative architectural features in its Al models, setting them apart from

traditional GPT architectures. Here's a comparative overview:

1. Mod
DeepS

el Architecture
eek:

Mixture-of-Experts (MoE): Utilizes multiple specialized sub-models ("experts") where only a
subset is activated per task, enhancing efficiency. Bcitelflturn0academia25

Multi-head Latent Attention (MLA): Compresses key-value pairs into latent vectors, reducing
memory usage during inference. Bciteturn0academia25?

GPT (e.g., GPT-4):

Dense Transformer Architecture: All model parameters are active for every input, leading to
higher computational load.

Standard Multi-head Attention: Processes all tokens with equal attention, which can be less
efficient for long-context scenarios.
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2. Parameter Efficiency

DeepSeek:

GPT:

Selective Activation: With 671 billion parameters, only about 37 billion are active per token,
optimizing resource use. Bcite@turn0academia25

Full Activation: All parameters are engaged for each token, which can be computationally
intensive.

3. Training and Inference Efficiency

DeepSeek:

GPT:

Cost-Effective Training: Achieves competitive performance with significantly lower training costs,
approximately $5.6 million. EcitePturnOnews220

Hardware Optimization: Designed to perform well on less advanced hardware, making it
accessible and efficient.

High Training Costs: Requires substantial computational resources, often leading to higher
expenses.

Advanced Hardware Dependency: Performance is optimized for cutting-edge hardware setups.

4. Performance and Applications

DeepSeek:

GPT:

Specialized Tasks: Excels in mathematics, coding, and logical reasoning tasks.
Clcitelflturn0search2

Open-Source Accessibility: Offers models that are open-source, encouraging community
collaboration and adaptation. Bcite@turn0search8n

Versatility: Performs well across a broad range of tasks, including creative writing and general
knowledge queries.

Proprietary Models: Access and modification are typically restricted due to licensing.
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5. Key Takeaways

e Efficiency vs. Versatility: DeepSeek focuses on efficiency and specialization, making it ideal for
specific tasks with limited resources. GPT models offer versatility but at a higher computational

cost.

¢ Accessibility: DeepSeek's open-source nature democratizes Al development, while GPT's
proprietary stance limits external contributions.

DeepSeek's architectural innovations challenge traditional Al development paradigms, offering efficient
alternatives without compromising performance.

For a visual explanation of DeepSeek's architecture, you might find this video helpful:

Explained i@, 1 ¢

™
Q‘w’.‘

| 'n....o\

Prompt: Define “token.”

Atoken in the context of Large Language Models (LLMs) like GPT, DeepSeek, and othersis a
fundamental unit of text that the model processes. Tokens can be:

1. Words or Subwords - In English, common words like "hello" or "world" might be single tokens,
while complex words like "unbelievable" might be broken into smaller parts ("un", "believ",
"able").

2. Punctuation Marks - Symbols like "!", """, and ", are often treated as individual tokens.

3. Spaces and Special Characters - Some tokenizers count spaces as separate tokens.


https://www.youtube.com/embed/KTonvXhsxpc?feature=oembed
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4. Code Tokens - In programming languages, tokens can include variable names, operators, and
keywords.

Example of Tokenization
Input Sentence:
"Artificial intelligence is evolving rapidly!"
Possible Tokenization:
1. Word-based:
o ["Artificial", "intelligence", "is", "evolving", "rapidly", "!"] (6 tokens)
2. Subword-based (used in GPT models):
o ["Artificial", "intellig", "ence", "is", "evolv", "ing", "rapidly", "!"] (8 tokens)
Why Tokens Matter
e Efficiency: More tokens mean more computation and cost.
¢ Context Limit: Models like GPT-4 have token limits (e.g., 128k tokens in context).
¢ Performance: Tokenization affects how well a model understands meaning and structure.
Would you like to see a breakdown of how a specific text would be tokenized?
Prompt: You said, "Each transformer layer has multiple attention heads, and each

head has parameters." Does each head have one or several parameters?

Each **attention head** in a transformer model has **several parameters, not just one**. Here's how it
works:

Each attention head in a transformer model has several parameters, not just one. Here's how it works:
Breakdown of Parameters in an Attention Head
Each attention head consists of the following key components, each of which has parameters:
1. Query (Q) matrix
o Parameters: A weight matrix that projects input embeddings into a query space.
2. Key (K) matrix
o Parameters: Aweight matrix that projects input embeddings into a key space.
3. Value (V) matrix
o Parameters: Aweight matrix that projects input embeddings into a value space.

4. Output projection matrix (O)
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o Parameters: Aweight matrix that combines the attention outputs before passing them to
the next layer.

Total Parameters Per Attention Head

Each of the Q, K, and V matrices has parameters proportional to the embedding size x head size, and
the output matrix (O) projects the head outputs back into the model's hidden size.

For a transformer model with:
e Hidden size =1024
¢ Number of heads =16
e Each head size =64
Then, for each attention head:
¢ Q, K, and V matrices > 64 x 1024 parameters each
e O matrix~> 1024 x 64 parameters

Thus, each head contains several thousand parameters, and for multi-head attention, these numbers
are multiplied by the number of heads.

Would you like a deeper mathematical breakdown with an example?

Prompt: Is a head a physical entity?

No, an attention head is not a physical entity—it is a mathematical construct within a neural
network, specifically in the self-attention mechanism of a transformer model.

What Is an Attention Head?

e An attention head is a computational pathway in the transformer model that learns different
aspects of relationships between words (tokens) in a sequence.

e Each head operates independently, focusing on different parts of the input, then their outputs are
combined.

¢ Heads are not physically separate units like neurons in a brain but rather mathematical weight
matrices that process data in parallel.

How Does a Head Work?
Each head consists of:
1. Query (Q), Key (K), and Value (V) weight matrices

o These learn how words relate to each other.
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2. Self-Attention Mechanism
o Computes how much attention each word should pay to every other word.
3. Head Output
o Each head produces its own attention-adjusted output.
Are Heads Just Computations?

Yes. They exist as weight matrices and operations within a deep learning model rather than as

separate, physical components. You can think of them as specialized filters that analyze relationships in
the text differently.

Would you like a visual analogy to better understand how they function?

Prompt: [In response to response, “Would you like a visual analogy to better
understand how they [i.e., attention heads] function?] Yes, please.

Analogy: Attention Heads as Multiple Spotlights on a Theater Stage

Imagine a theater stage where a play is being performed. Each word in a sentence is like an actor on
the stage, and we need to decide who should pay attention to whom during the scene.

How Attention Heads Work in This Scenario
e Thetransformer modelis like a director controlling multiple spotlights.
e Each attention head is a different spotlight that focuses on a unique aspect of the scene.

For example, in the sentence:
"The cat sat on the mat because it was tired."

e One attention head might focus on pronoun resolution, ensuring "it" refers to "the cat."
¢ Another head might focus on prepositional relationships, linking "on" to "the mat."
e Athird head might track cause and effect, connecting "because" to "was tired."

Each head shines its own spotlight on different relationships in the text, and afterward, the information
from all heads is combined to form a complete understanding of the scene.

Key Takeaways from the Analogy

1. Multiple Perspectives: Each attention head looks at the same text but extracts different types
of information.

2. Parallel Processing: The heads work simultaneously, making the model faster and more
efficient.
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3. No Physical Existence: Just like spotlights are controlled by the director but are not separate
objects from the theater, attention heads exist as weight matrices within the model, not as
independent physical entities.

Would you like a diagram to visualize this concept?

Prompt: Are transformers physical entities?

No, transformers are not physical entities—they are mathematical architectures used in deep
learning models. They exist as software implementations that run on physical hardware (GPUs, TPUs,
CPUs, etc.) but do not have a standalone physical presence themselves.

What is a Transformer in Al?

A transformer is a type of neural network architecture designed for processing sequences of data (like
text, images, or audio). It uses self-attention mechanisms to understand the relationships between
different elements in the sequence.

Transformers are mathematical structures consisting of:
1. Self-attention layers - Compute relationships between words (or tokens).
2. Feedforward layers — Process information from the attention mechanism.
3. Layer normalization & residual connections — Help stabilize training.
4. Positional encoding — Helps maintain word order in a sequence.
Are Transformers "Real" in a Physical Sense?
¢ No-Theydo not have a tangible, independent existence like a robot or a circuit.

¢ Yes, in away - They exist as software running on physical hardware (like NVIDIA GPUs or Google
TPUs).

Think of a transformer as an equation running on a computer—it has real effects but no standalone
physical form.

Would you like a deeper look into how transformers function inside a machine?

Prompt: Use Marr's 3 levels of analysis to provide an overview of the computational,
algorithmic, and physical components of a GPT.

Marr’s Three Levels of Analysis—a framework from cognitive science—can be applied to understanding
GPT models (like GPT-4, DeepSeek, or Gemini). These levels help break down how GPTs function from
abstract goals to concrete hardware execution.
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1. Computational Level (What problem is being solved?)
This level defines the goal of the system and the fundamental problem it is solving.

e Objective: Predict the next token (word, subword, or character) in a sequence to generate
coherent and contextually relevant text.

¢ Task: Learn probabilistic relationships between tokens based on massive text corpora.

¢ Mathematical Principle: GPT models approximate the probability distribution P(next token |
previous tokens) using deep neural networks.

o Key Challenge: Handling long-range dependencies in text while maintaining coherence and
factual accuracy.

# Analogy: This is like defining the goal of a chess-playing Al: “Find the best next move given the current
board state.”

2. Algorithmic Level (What rules and representations are used?)

This level explains how the problem is solved—the processes, algorithms, and data structures that
GPT models use.

¢ Model Architecture:
o Based on the Transformer architecture (Vaswani et al., 2017).
o Uses self-attention mechanisms to determine how different words relate.
o Processes text in parallel rather than sequentially (like RNNs or LSTMs).
¢ Key Algorithms:
1. Tokenization — Breaks text into subwords or tokens.

2. Self-Attention (Scaled Dot-Product Attention) - Computes how much each token should
"attend" to others in a sentence.

3. Feedforward Networks — Transforms information between attention layers.
4. Positional Encoding — Helps track word order in the sequence.
5. Layer Normalization & Residual Connections — Improve stability and learning.

¢ Training Process:
o Trained on massive datasets using unsupervised learning (predicting missing tokens).

o Uses gradient descent and backpropagation to update parameters.
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o Optimized using techniques like Adam optimizer and Mixture of Experts (MoE) (in some
models like DeepSeek).

@ Analogy: This is like describing how a chess-playing Al searches for the best move—using Minimax
with Alpha-Beta Pruning, evaluating board positions, and making probabilistic decisions.

3. Physical Level (How is it implemented in hardware?)

This level describes how the algorithms run on physical systems—the hardware infrastructure that
executes GPT models.

¢ Hardware Components:

o GPUs (Graphics Processing Units): Specialized for matrix computations used in neural
networks.

o TPUs (Tensor Processing Units, Google): Optimized for deep learning workloads.
o CPUs: Used for preprocessing, model orchestration, and tokenization.
o Memory (VRAM/RAM): Stores weights, activations, and token sequences.
o Storage (SSDs/HDDs): Holds pre-trained models and large text datasets.
¢ Cloud & Distributed Computing:

o GPT models are distributed across multiple GPUs/TPUs using frameworks like PyTorch
or TensorFlow.

o Training takes place on massive Al supercomputers (e.g., OpenAl's infrastructure powered
by Microsoft Azure).

o Inference is optimized for real-time interaction through cloud APlIs.

@ Analogy: This is like describing the physical chessboard and pieces, and how the Al runs on a
supercomputer using GPUs to calculate moves.
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Summary Table: GPT through Marr's 3 Levels
Marr’s Level GPT Explanation

Computational (What & Predicts the next token based on prior context to generate coherent text. Uses
Why?) probability distribution **P(next token

. . Uses transformer architecture, self-attention, tokenization, feedforward
Algorithmic (How?) ]
networks, and gradient descent.

. Runs on GPUs/TPUs in data centers with massive memory and distributed
Physical (Where?) .
computation.

Conclusion

Marr’s three levels show that GPT models are not just "black boxes"—they are well-defined systems
that can be analyzed in terms of goal setting (computational), rules and algorithms (algorithmic), and
hardware execution (physical).

Would you like a deeper dive into any of these levels, such as how self-attention works or how GPUs
optimize transformer models?

Prompt: Compare Deepseek to ChatGPT within the 3 levels analysis.

Applying Marr's Three Levels of Analysis—Computational, Algorithmic, and Physical—provides a
structured framework to compare DeepSeek and ChatGPT.

1. Computational Level (What problem is being solved?)
DeepSeek:

¢ Objective: Designed to offer an open-source, cost-effective Al solution with a focus on technical
tasks, particularly excelling in mathematics and coding. BciteZturn0search0?

e Approach: Utilizes a Mixture-of-Experts (MoE) architecture, activating only relevant subsets of its
671 billion parameters for each task, enhancing efficiency. Bciteturn0search0

ChatGPT:

e Objective: Aims to provide a versatile Al language model capable of understanding and generating
human-Llike text across a wide range of topics.

¢ Approach: Employs a dense transformer architecture where all parameters are active for every
input, ensuring consistent performance across tasks.
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2. Algorithmic Level (What rules and representations are used?)

DeepSeek:

¢ Architecture: Implements a Mixture-of-Experts (MoE) model, selectively activating subsets of

parameters, which allows for specialization and efficiency in handling specific tasks.
Clcitelflturn0search0

¢« Training Focus: Emphasizes technical domains, leading to superior performance in areas like
mathematics and coding. BcitelturnOsearch0@

ChatGPT:

e Architecture: Utilizes a standard transformer model with all parameters engaged for each input,
providing a uniform approach to various tasks.

¢« Training Focus: Trained on a diverse dataset encompassing a broad spectrum of topics, enabling
it to generate contextually rich and nuanced responses.

3. Physical Level (How is it implemented in hardware?)

DeepSeek:

¢ Resource Utilization: Engineered to operate efficiently on less advanced hardware, achieving

competitive performance with significantly lower training costs, approximately $5.6 million.
BlcitePturnOnews 153

e Accessibility: As an open-source model, it allows for widespread adoption and modification
without substantial infrastructure investments.

ChatGPT:

¢ Resource Utilization: Developed with substantial computational resources, relying on advanced
hardware setups to manage its dense parameter architecture.

e Accessibility: Operates on a freemium model, offering basic features for free with advanced
capabilities requiring a subscription.



GenAl Chat Engines, DeepSeek, and David Marr’s Three Levels of Analysis; Page 21 of 39

Summary Table: DeepSeek vs. ChatGPT through Marr's Levels
Marr’s Level DeepSeek ChatGPT

Open-source, cost-effective Al focusing on Versatile Al language model designed

technical tasks; employs Mixture-of-Experts for a broad range of topics; utilizes
Computational poy P g P

architecture for efficiency. dense transformer architecture for
BciteZturn0Osearch0 consistent performance.

. . . Standard transformer model with all
Mixture-of-Experts model selectively activates . . .
] ] L . parameters active per input; trained on
Algorithmic parameters, excelling in mathematics and

. . diverse datasets for nuanced
coding. Bciteturn0search0

responses.
Operates efficiently on less advanced Requires advanced hardware for dense
Phvsical hardware; developed with lower training costs parameter management; operates on a
sica
y (~$5.6 million); open-source accessibility. freemium model with subscription-
BlciteturnOnews 152 based advanced features.

Conclusion: DeepSeek and ChatGPT, while both advanced Al language models, differ significantly
across Marr's three levels of analysis. DeepSeek emphasizes efficiency, technical specialization, and
accessibility, making it a compelling choice for users prioritizing these aspects. In contrast, ChatGPT
offers versatility and a user-friendly experience across a wide array of topics, appealing to a broader
audience.

Prompt: Huge data centers exist and are being built to handle the requirements of
models like ChatGPT. Does the model used by Deepseek obfuscate the need for
huge data centers?

Does DeepSeek Obfuscate the Need for Huge Data Centers?

The short answer is not entirely, but it significantly reduces the computational burden compared to
models like ChatGPT. Let's break it down within the three levels of analysis:

1. Computational Level: The Need for Data Centers
e ChatGPT (GPT-4 and beyond)

o Uses a dense transformer model, meaning all parameters are activated for every input.
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o Thisresults in high computational costs, requiring large-scale data centers with
thousands of GPUs or TPUs to handle training and inference at scale.

o Implication: Huge data centers are necessary to support the extensive model operations.
o DeepSeek (Mixture-of-Experts Model)

o Uses Mixture-of-Experts (MoE), where only a subset of parameters is active during
inference.

o Instead of engaging all 671 billion parameters, only ~37 billion are active per query.

o This dramatically reduces computational overhead, allowing the model to be more
efficient without requiring massive server farms.

o Implication: DeepSeek lowers the need for massive data centers, but does not
eliminate it entirely.

Key Takeaway: DeepSeek’s architecture optimizes computation, making it possible to run powerful
Al with fewer hardware resources than dense transformer models like GPT-4. However, it still requires
high-performance infrastructure, just less of it.

2. Algorithmic Level: How Does DeepSeek Reduce Data Center Needs?
¢ ChatGPT’s Approach:

o Dense Transformer: Every token processed engages all layers, all heads, and all
parameters of the model.

o High Memory Load: Requires massive amounts of VRAM per GPU, often demanding top-
tier NVIDIA H100 clusters in large data centers.

¢ DeepSeek’s Approach:
o Mixture-of-Experts (MoE):

= Instead of using all experts at once, DeepSeek dynamically selects a subset of
experts per query.

= This means less memory usage per inference and lower computational demand
overall.

o Optimized Training:

= DeepSeek was reportedly trained on significantly less budget (~$5.6 million)
compared to GPT-4’s estimated $100M+ training cost.

= The selective parameter activation reduces training complexity while still
achieving high performance.
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Key Takeaway: DeepSeek reduces the need for large-scale computation per request by activating
only relevant parts of the model, unlike ChatGPT, which requires a fully engaged neural network.

3. Physical Level: Can DeepSeek Run Without Huge Data Centers?
e ChatGPT’s Physical Infrastructure:

o Runs on massive data centers, often powered by thousands of NVIDIA GPUs or Google
TPUs.

o Microsoft’s Azure built an Al supercomputer specifically for OpenAl models.

o Inference requires high-power clusters, making it difficult for smaller companies to
replicate.

e DeepSeek’s Physical Infrastructure:

o More accessible to run: Because it activates fewer parameters per request, it requires
less hardware power than ChatGPT.

o Canrun on smaller-scale clusters:

= Ahigh-end multi-GPU setup could handle DeepSeek inference, whereas ChatGPT
would need an entire data center.

o Lower energy consumption:

= Power-hungry dense transformer models like GPT-4 require enormous electricity,
while DeepSeek’s MoE approach reduces this demand.

Key Takeaway: DeepSeek reduces the scale of required infrastructure, meaning smaller Al firms
or academic institutions can deploy and run powerful Al models without massive data centers.

Final Answer: Does DeepSeek Obfuscate the Need for Huge Data Centers?
Not completely, but it significantly reduces the dependency on them.
¢ For training? Still requires large-scale computing, but at a fraction of the cost of GPT-4.

e Forinference? DeepSeek is far more efficient, meaning it can run on smaller clusters rather
than needing massive cloud infrastructure.

e For accessibility? DeepSeek’s efficiency makes it easier for smaller organizations to deploy Al
without the insane compute costs of OpenAl models.

%’ Bottom Line: DeepSeek does not eliminate the need for Al infrastructure, but it makes powerful Al
more accessible and scalable without requiring giant data centers like ChatGPT does.
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Would you like a direct comparison of estimated energy usage or costs for running these models?

Prompt: [In response to response: Would you like a direct comparison of estimated

energy usage or costs for running these models?] Yes, please.

Comparing the energy consumption of DeepSeek and ChatGPT involves examining both the training and

inference phases of these Al models.

Training Phase Energy Consumption

ChatGPT:

GPT-3 Training: The training of GPT-3, with its 175 billion parameters, consumed approximately
1.287 million kilowatt-hours (kWh) over 34 days. Bcite@turn0search102

GPT-4 Training: Scaling up to GPT-4, which has over 1 trillion parameters, the energy consumption
increased significantly, with estimates around 62.3 million kWh over 100 days—48 times more
than GPT-3. Bcitelturn0search8

DeepSeek:

R1 Model Training: DeepSeek's R1 model, utilizing a Mixture-of-Experts (MoE) architecture,
activates only a subset of its 671 billion parameters during training. This selective activation leads
to a more energy-efficient training process. BciteturnOnews222

Cost Implications: The training of DeepSeek's R1 model was achieved with significantly lower
financial investment, approximately $5.6 million, suggesting a corresponding reduction in energy
consumption compared to models like GPT-4. BcitelfturnOnews223

Inference Phase Energy Consumption

ChatGPT:

Per Query Consumption: Each interaction with ChatGPT consumes a notable amount of energy.
Estimates suggest that ChatGPT's daily operations consume around 1 gigawatt-hour (GWh),
equivalent to the daily energy usage of approximately 33,000 U.S. households.
BlcitePturn0search143

Comparison to Google Search: A single ChatGPT query can consume up to 25 times more
energy than a standard Google search. PlcitePturnOsearch16



GenAl Chat Engines, DeepSeek, and David Marr’s Three Levels of Analysis; Page 25 of 39

DeepSeek:

e Operational Efficiency: The MoE architecture of DeepSeek's R1 model allows it to activate only
the necessary parameters for a given task, leading to reduced energy consumption during
inference. BlcitePturnOnews223

¢ Energy Consumption Insights: While specific per-query energy consumption data for DeepSeek
is not publicly available, its design inherently promotes lower energy usage compared to dense
models like ChatGPT.

Key Takeaways

e Training Efficiency: DeepSeek's MoE architecture contributes to a more energy-efficient training
process, resulting in lower overall energy consumption and financial costs compared to
ChatGPT's dense transformer models.

¢ Inference Efficiency: During operation, DeepSeek's selective parameter activation suggests a
reduced energy footprint per query relative to ChatGPT.

In summary, DeepSeek's architectural innovations offer a more energy-efficient alternative to traditional
dense models like ChatGPT, potentially reducing the need for extensive data center resources.

Prompt: Describe the mixture-of-experts model more fully, please.
Mixture-of-Experts (MoE) Model: A Deep Dive

The Mixture-of-Experts (MoE) model is an advanced neural network architecture designed to improve
computational efficiency, scalability, and specialization in Al models. It differs from traditional
transformer architectures like GPT-4 by selectively activating only certain parts of the model at any
given time, rather than using all parameters for every input.

1. What is the Mixture-of-Experts (MoE) Model?

MoE is a sparse neural network architecture that consists of multiple "experts" (sub-networks) that
specialize in different aspects of a problem. Instead of having a single massive model process all tasks
equally, MoE dynamically selects a subset of experts for each input, making computations more
efficient.

Key Components:
1. Experts:

o These are independent feedforward neural networks (e.g., transformer blocks) that
specialize in different types of patterns in the data.
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o A model like DeepSeek can have hundreds or thousands of experts.
2. Router (or Gate Network):
o Alearned mechanism that decides which experts to activate for a given input.
o Assigns input tokens to specific experts based on relevance.
o Canbeimplemented as a softmax function to distribute weights among experts.

3. Sparse Activation:

o Unlike dense models (like GPT-4), which activate all parameters for every token, MoE
activates only a few experts per token (e.g., 2 out of 64).

o This reduces computational cost while keeping high accuracy.

2. How Does MoE Work in Al Models Like DeepSeek?

¢ When processing an input, the router analyzes the context and determines which subset of
experts is best suited to handle it.

¢ Instead of using all 671 billion parameters, DeepSeek activates only around 37 billion per
inference.

¢ Thefinal output is a weighted combination of the activated experts' responses.

¢ Example of MoE in Action:
Consider the sentence:

"The quantum computer successfully solved the optimization problem.”

e The MoE router might assign:
o Expert1-> Understanding scientific language
o Expert 2 > Handling technical terms like ‘quantum computer’
o Expert 3 » Understanding grammar and sentence structure

The system selectively processes the input using only the necessary resources instead of wasting
computation on irrelevant parts.

3. Why Use MoE?

Advantages:

1. Computational Efficiency
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o Activating only a fraction of the model's parameters at a time reduces computational
cost without sacrificing performance.

2. Scalability

o MoE models can be scaled to trillions of parameters while maintaining inference
efficiency.

3. Specialization

o Different experts can focus on specific tasks, making the model better at handling
domain-specific knowledge (e.g., science, coding, finance).

4. Faster Inference

o Requires fewer active parameters per query, reducing latency and improving throughput.

X Challenges:

1. Routing Complexity
o The gate (router) must be carefully optimized to efficiently distribute tasks.
2. Load Balancing

o Some experts may get overused while others remain underutilized, leading to
inefficiencies.

3. Training Overhead

o MoE requires more sophisticated training techniques, including reinforcement learning
for optimal expert selection.

4. MoE vs. Dense Transformer (GPT-4, Gemini, etc.)

Feature Mixture-of-Experts (MoE) - DeepSeek Dense Transformer - GPT-4
Parameter
Only a fracti .g.,37B/671B All t ti i t
Activation nly a fraction (e.g ) parameters active per inpu
Computational Cost Lower (fewer FLOPs per inference) Higher (all weights used)
Scalability Can scale beyond 1T+ parameters Limited by hardware constraints
Performance Specialized experts improve task Ge.n(.aral-purpose, but can be less
accuracy efficient
E
nergy Lower, uses fewer active GPUs Higher, requires massive data centers

Consumption
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5. Real-World Use Cases for MoE
¢ Large-scale Al models (DeepSeek, Google Gemini, GPT-4 MoE versions)
e« Multilingual models (experts trained on different languages)
« Domain-specific Al (finance, healthcare, legal, coding)

¢ Real-time Al assistants (reduced energy usage per query)

Conclusion: Why Does MoE Matter?

The Mixture-of-Experts model represents a major evolution in Al efficiency. Unlike traditional dense
models, which require enormous compute resources, MoE allows large-scale Al to run more efficiently
by activating only the necessary parameters per task. This makes Al more scalable, specialized, and
cost-effective, without sacrificing performance.

Would you like a visual diagram of how MoE works inside a transformer model?

Prompt: Actually, will other models evolve towards using the MoE model? Why
didn't they use it initially?
Will Other Models Evolve Towards Using Mixture-of-Experts (MoE)?

Yes, many Al models are already evolving toward using MoE, and it is likely to become more
widespread in future generations of large language models (LLMs). The shift toward MoE is driven by
scalability, efficiency, and cost considerations.

¢ Examples of MoE Adoption:

¢ DeepSeek: Uses MoE at scale, reducing computational cost while maintaining high
performance.

e Google Gemini: Gemini 1.5 is rumored to incorporate MoE-like sparsity optimizations.

e GPT-4 MoE Variant (Speculated): Some reports suggest OpenAl is experimenting with MoE
models to handle trillions of parameters without excessive costs.

¢ Google Switch Transformer: A precursor to Gemini, it used MoE to reduce compute needs by 4x
while maintaining similar accuracy to dense models.

Why Didn’t Early Models Use MoE?

There are three main reasons why early transformer models (GPT-2, GPT-3, BERT, etc.) did not adopt
MoE:
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1. Training Complexity
¢ Dense transformers (like GPT-3) were easier to train using standard deep learning techniques.

¢ MoE requires a router (gating mechanism) to determine which experts to activate, and early
models lacked efficient routing strategies.

o Iftherouterisn't well-optimized, some experts get overused, leading to bottlenecks in
performance.

2. Hardware Limitations
¢ Early GPUs and TPUs weren’t optimized for MoE architectures.

¢ Sparse computation (where only parts of the model are activated) was less efficient on older Al
hardware.

¢ NVIDIA’s latest H100 GPUs and Google’s TPU v4/v5 now provide better support for MoE-style
computation.

3. Lack of Large-Scale Data
¢ MoE models require diverse training data to properly assign tasks to different experts.

o Early Al datasets were limited in size and variety, making dense models easier to train and
generalize.

¢ Today, Al companies have vast, high-quality datasets, making expert specialization more
practical.

Will MoE Become the Future Standard?

Most likely, yes, but not exclusively. Here’s why:

Cost-Efficiency: Training trillion-parameter dense models is too expensive; MoE reduces costs.
Scalability: MoE allows future LLMs to exceed 10 trillion parameters while staying manageable.
Domain Specialization: Future Al assistants may use MoE to specialize in areas like medicine,
law, and coding.

Eco-Friendly Al: Lower compute needs mean less energy consumption, reducing Al’s carbon
footprint.

# Challenges Remaining:
X MoE still needs better routing algorithms to avoid overloading some experts.
X Sparse models require more efficient Al chips to maximize performance.

X MoE is harder to implement for real-time applications (e.g., chatbots with low latency).
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Final Prediction: A Hybrid Future
Instead of fully replacing dense transformers, future LLMs will likely be hybrid models, combining:
¢ Dense Layers for general reasoning

¢ MoE Layers for efficiency and specialization

%’ Bottom Line: Expect OpenAl, Google, and Anthropic to integrate more MoE elements into their
next-generation models to balance power, efficiency, and cost.

Would you like a comparison of how MoE models perform in real-world tasks compared to dense
transformers?

Prompt: Are hallucinations an issue with MoE?
Are Hallucinations an Issue with Mixture-of-Experts (MoE)?

Yes, hallucinations can still be a problem in MoE models, though the nature of hallucinations in MoE
vs. dense transformers differs slightly. While MoE can reduce some types of hallucinations, it also
introduces new challenges that can sometimes increase them.

1. How MoE Can Reduce Hallucinations

More Specialized Knowledge > Fewer Factual Errors

e Since MoE assigns specific experts to different topics, it can potentially improve factual
accuracy.

e Ifan Al model correctly activates an "expert"” on law, for example, it may reduce hallucinations
in legal reasoning compared to a generalist dense model.

Lower Computational Load 2 Less Overfitting

¢ Dense models must process all information simultaneously, making them more prone to
overgeneralizing facts.

¢ MoE activates fewer parameters per query, which can reduce overfitting on bad or misleading
data.

2. How MoE Can Increase Hallucinations

X Expert Misdirection (Wrong Expert Activated)

¢ Ifthe router assigns an incorrect expert (e.g., a "coding expert" for a literature question), the
response may sound confident but be incorrect.
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e Thisis especially risky when experts overlap, leading to inconsistent reasoning across different
contexts.

X Sparse Activations » Less Robust Error Correction

¢ Inadense model, all parameters are active, meaning the model can cross-check responses
more effectively.

e In MoE, only a fraction of the model is used, meaning fewer redundant checks.
¢ If an expert hallucinates, fewer parts of the model may challenge the error.
X Over-Reliance on Routing Quality
¢ MoE models depend heavily on the routing mechanism to assign the correct experts.
e Ifrouting is not optimized, the model may choose poor experts and produce more hallucinations.

e This problem worsens in low-resource settings where certain experts don’t receive enough
training.

3. MoE vs. Dense Transformers: Hallucination Risk

Factor MoE (DeepSeek, Gemini, GPT-4 Dense Transformers (GPT-4, Claude,

MoE) Bard)
Factual ¢ Lower when experts are ¢ More general errors due to lack of
Hallucinations assigned correctly specialization
Incorrect A Higher if router picks the wrong @ N/A (all parameters active at all
Assignments expert times)

] A Weaker, fewer redundancy @ stronger, model can cross-verify its

Error Correction

checks own outputs

L. . Lo A More, as all parameters try to
Overgeneralization @ Less, since experts specialize .
generalize knowledge

4. Will MoE Reduce Hallucinations in Future Al?
Yes, but only if properly designed. Al developers will need to:
1. Improve routing mechanisms to ensure the correct experts are chosen.

2. Enhance expert redundancy so hallucinations can be cross-checked.
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3. Train domain-specific experts more rigorously to avoid misinformation.

<’ Bottom Line:

¢ MoE can improve factual accuracy if experts are correctly assigned.

¢ However, misrouted or sparsely trained experts can introduce new types of hallucinations not

seen in dense models.

¢ Future Al models may combine MoE with dense transformers to balance efficiency and
accuracy.

Would you like a case study comparing real hallucination rates between MoE models and dense
transformers?

Prompt: Does the MoE model still utilize a variant of pre-training,
asis used in GPT models?

Does the Mixture-of-Experts (MoE) Model Use Pre-Training Like GPT Models?

Yes, MoE models still use a variant of pre-training similar to GPT models, but with important
differences due to their sparse activation and expert specialization. Let's break it down.

1. Pre-Training in Dense GPT Models (e.g., GPT-4, Claude, Gemini)
In traditional dense transformer models, pre-training involves:

1. Self-Supervised Learning - The model learns to predict missing words (tokens) in massive text
datasets.

2. Masked Language Modeling (MLM) or Causal Language Modeling (CLM) - Depending on the
architecture (e.g., GPT uses causal, BERT uses masked).

3. All Parameters Are Updated - Every token update adjusts all parameters equally across the
entire model.

Advantages:
¢ The entire model is exposed to all kinds of data, which ensures broad generalization.
e The pre-training process reinforces long-range dependencies between words.

X Challenges:
¢ Computationally expensive—every parameter is used for every input.

¢ Memory-intensive, requiring massive GPUs and huge amounts of data center power.
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2. Pre-Training in MoE Models (e.g., DeepSeek, Google Switch Transformer, Gemini 1.5)
MoE models still require extensive pre-training, but with some key optimizations:
1. Sparse Activation During Pre-Training

o Instead of activating all parameters, MoE models selectively activate only a subset of
"experts" per token.

o Example: If a model has 64 experts, only 2-4 are chosen per token.

o Thisreduces the compute cost per training step while still allowing the model to
generalize.

2. Expert Specialization Emerges During Pre-Training
o Unlike dense models, MoE models develop expert specialization naturally.

o Some experts focus on coding, while others specialize in legal, medical, or
conversational language.

o The routing mechanism learns which experts to activate based on different types of
input.

3. Fine-Tuning Still Happens After Pre-Training
o Pre-training is followed by fine-tuning on specific tasks, just like in dense models.

o Fine-tuning may include Reinforcement Learning with Human Feedback (RLHF) to align
the model with human preferences.

3. Differences Between MoE and GPT Pre-Training

Feature MoE Models (DeepSeek, Switch Dense GPT Models (GPT-4,
Transformer, Gemini 1.5) Claude, LLaMA)

Parameter Sparse (only a few experts active per token) Dense (all parameters active per

Activation P y P P token)

Expensive, uses all resources per

Compute Efficiency Lower compute cost per training step step

Faster, since fewer parameters update at  Slower, since all layers are

Training Speed
raining Spee once trained

Expert

Specialization Emerges naturally during training All layers generalize equally
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Feature MoE Models (DeepSeek, Switch Dense GPT Models (GPT-4,

u Transformer, Gemini 1.5) Claude, LLaMA)
Memory Lower, since fewer parameters are stored Higher, all weights need to be
Requirements per query active

4. Does MoE Still Need Large-Scale Pre-Training?

Yes - MoE models still require massive datasets and multi-week training on supercomputers, just
like dense transformers.

Yes - They still use billions or trillions of parameters to achieve state-of-the-art performance.

%’ But: MoE reduces training cost per token, making it more scalable.

Final Takeaways
1. MoE still uses traditional pre-training techniques, but with optimizations for efficiency.

2. Not all parameters are updated per step, making training more cost-effective than dense
transformers.

3. Expert specialization naturally emerges, helping models focus on different tasks.

4. MoE allows for larger models (trillions of parameters) while keeping training feasible.
Would you like a breakdown of how MoE expert specialization emerges during training?
Prompt: Is it easier to interrogate or deconstruct the logic behind MoE "solutions"

compared to solutions generated by dense GPT models?

Is It Easier to Interrogate or Deconstruct the Logic Behind MoE "Solutions" Compared to Dense GPT
Models?

The interpretability of MoE models differs from that of dense GPT models, and whether they are easier
to deconstruct depends on several factors, including expert specialization, routing mechanisms, and
sparsity. Let’s compare them systematically.

1. Understanding the Decision Pathway: MoE vs. Dense GPT

¢ Dense GPT Models (e.g., GPT-4, Claude, Gemini)

¢ Every query activates all parameters, meaning every attention head and layer contributes to
the final output.
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« Difficult to trace logic, because all neurons influence each response, making explanations
complex.

e Black-box nature —- Dense models blend all knowledge into a single representation, making it
harder to isolate specific reasoning pathways.

Advantage: The model has a holistic understanding of the input.
X Disadvantage: The response is hard to break down since it’s based on millions of subtle weight

interactions.

¢ MoE Models (e.g., DeepSeek, Google Switch Transformer)
¢ Only a subset of experts is activated per query.
¢ The routing mechanism explicitly chooses which experts contribute to the solution.

e« Since only a few experts generate the response, it’s easier to track which sub-networks were
used.

Advantage: Easier to trace and analyze which experts influenced the answer.

X Disadvantage: If the routing mechanism is unclear, identifying errors or biases in expert
assignments becomes difficult.

2. How Does MoE Improve Interpretability?

Key Factors That Make MoE More Explainable
1. Fewer Active Parameters Per Query > Less Complexity

o Instead of activating trillions of weights, MoE only engages a small subset, making it
easier to identify which parameters influenced a response.

2. Expert Specialization > More Transparent Knowledge Assighment

o Since different experts specialize in different topics, it's possible to determine whether
a legal, scientific, or conversational expert contributed to aresponse.

o This segmentation makes it easier to diagnose errors in specific knowledge areas.
3. Routing Mechanism > Provides a Map of Decisions

o Indense transformers, knowledge is spread across all layers, making it hard to pinpoint
the exact cause of an error.

o In MoE, the router selects a small group of experts, so if a hallucination occurs, it’s
easier to trace back which expert was responsible.
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3. Challenges of MoE Interpretability
# \Why MoE Can Still Be Hard to Deconstruct
1. Routing Decisions Are Not Always Transparent

o While MoE assigns experts dynamically, the gating function (router) is still a learned
mechanism—often a black box itself.

o This means we might know which experts were chosen but not always why.

2. Expert Interaction Can Be Unclear

o Some MoE models use soft expert selection, where multiple experts contribute in
different proportions.

o This blending makes it harder to fully isolate a single expert’s influence.

3. Bias Can Arise from Poor Expert Assighment

o Ifanincorrect expertis assigned, it can generate hallucinations that appear well-
structured, making them harder to detect than dense model hallucinations.

4. Final Verdict: Which Model Is Easier to Deconstruct?

Dense GPT Models (GPT-4,

Factor MoE Models (DeepSeek, Gemini MoE) .
Claude, Gemini)
Decision Easier — Experts are separately trained ) Harder — All parameters are
Transparency and activated. engaged at once.
. Easier — Can isolate mistakes by X Harder - Errors are spread

Error Tracing S )

checking individual experts. across the entire model.

7 Mi - i -
Routing Visibility % Mixed —We know which experts were X Ha.rder No modular expert

chosen, but not always why. selection.
Bias & Hallucination Easier — Errors can often be linked to Y Harder - Bias is blended across
Analysis specific experts. all layers.
Explainability for More modular — Each expert can be > Harder - No modular
Auditing audited separately. breakdown available.

¢ Overall Conclusion:
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MoE models are easier to interrogate and deconstruct because:
¢ They use separate expert modules, making it easier to identify specific knowledge sources.

¢ The routing mechanism provides a more structured pathway for understanding decisions.

#- However, MoE is not fully transparent because:
e Therouter itself is a black-box mechanism.

¢ Some experts may interact in unpredictable ways, making attribution tricky.

5. The Future: Will MoE Improve Al Transparency?

%’ Yes, but with refinements in routing and expert auditing.
o Better routing interpretability: Future MoE models may log why an expert was selected.

« Explainability tools: Al developers can implement traceable reasoning pathways for each

expert.

¢ Hybrid approaches: Some researchers suggest mixing dense and MoE layers for better control

and transparency.

Final Thought:

If the goal is to trace logic, analyze Al bias, or debug errors, MoE models provide a better foundation
than traditional dense transformers. However, routing mechanisms need further transparency

improvements to make MoE fully explainable.

Would you like an example of how MoE errors can be diagnosed in real-world Al applications?
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Prompt: [In response to “Would you like an example of how MoE errors can be
diagnosed in real-world Al applications? “ Yes, please. Also, can you generate a
visual or sequential representation of the steps from input to router to MoE layers?

Here is a visual representation of the Mixture-of-Experts (MoE) model flow, from user input to routing
and expert activation.

Flow of Information in a Mixture-of-Experts Model

Expert 1

/N

User Input———iokenization——Embedding LayeRouter (Gate Network) » Expert 2 —Aggregation Layer ——Final Output

b

Expert N

Step-by-Step Breakdown of MoE Processing:
1. User Input: The Al receives a text query.
2. Tokenization: The text is broken into tokens for processing.
3. Embedding Layer: The tokens are converted into vector representations.
4. Router (Gate Network): Determines which experts should be activated for this input.
5. Expert Selection: Only a few experts (out of many) are activated.

o Example: If theinputis a legal question, the router may activate Expert 2 (Legal) and
Expert 3 (General Language Processing).

6. Aggregation Layer: The outputs from the selected experts are merged.
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7. Final Output: The Al generates a response based on aggregated expert knowledge.

Example: Diagnosing MoE Errors

Let's say an MoE model like DeepSeek produces an incorrect response. How do we debug it?

Scenario: Al Hallucinates Legal Information

> User Question: "What are the legal consequences of breaking an NDA in California?"
= Al Response: "Breaking an NDA in California always results in criminal charges.” ( X Incorrect)

How to Debug:

1. Check Router Assignment:

o Didthe router select the correct experts (Legal & Contract Law) or an unrelated expert?

2. Analyze Expert Contributions:

o Ifanincorrect expert (e.g., General Business Law) was used, the model might generalize

incorrectly.

3. Assess Training Data for Biases:

o Ifthe expert was trained on federal law but not California-specific law, it may lack

accurate details.

4. Optimize Routing Mechanism:

o Improve how experts are assigned to different query types to reduce errors.

«’ Final Takeaway:
By tracing which experts were activated, MoE models make Al more interpretable than dense

models, though routing transparency still needs improvement.

Would you like a comparative case study of MoE vs. dense transformer debugging?



