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Logistics 

• Coding assignment 5 is out. It’s due the same week as the final 
report.

• I still have office hours tomorrow, but no office hours next week 
due to conference travel.

• The instruction on final report will be out before Thanksgiving Day.
• There will be extra time at the end of this lecture, where you can 

ask me anything about your project, or if you need any last-minute 
help.



Mechanistic Interpretability



What is Mechanistic 
Interpretability ?



So… What is mechanistic interpretability?

• Mechanistic interpretability: studying a model’s internals. 
• How information flows, how outputs are produced, etc.

• More concretely, one can look inside a model’s
• Weights
• Activations,
• And circuits

• The goal is to identify meaningful patterns/mechanisms:
• Specific (groups of) neurons for a particular features
• Pathways/circuits that implement certain algorithms or behaviors like 

copying



“Mechanistic”

• Comparing to earlier interpretability work which mainly focuses 
on input-output explanations, mech interp aims to identify 
structures, circuits, or algorithms encoded in the models.

• Not just about whether the output is explainable (with features), 
but HOW was the output computed

• It’s all about finding the mechanism that produces a specific 
behavior 



So… What is mechanistic interpretability?

• This area is becoming increasingly important since modern 
models, like transformers, are growing in scale and complexity.

• Recall transformers can easily have nearly 100 transformer 
blocks, which makes it harder to reason about certain behavior

• Meanwhile, so many attention heads and nonlinear interaction, 
also makes it harder to understand how a model arrives at its 
outputs.

 It’s hard to trust a model when we 
treat it as a black box!



So… What is mechanistic interpretability?

• As the models get larger, understanding their internal 
mechanisms becomes an increasingly important research topic. 

• By definition, this area of research usually studies the model 
internal structure and computation, not about analyzing human 
language directly. However, since NLP replies on LLMs, 
understanding how these models work can inform future model 
design and development.

 Traditional NLP Mech interp

What I will talk about 
today! 



Topics in mechinterp

• We will introduce circuits today.

• Other topics but we won’t cover: probing (you did a homework on 
this!), induction heads, feature attribution, activation patching, 
superposition, sparse autoencoders, grokking, model editing, etc.
• I put down some links for you to learn these topics if you are interested. 

See pointers in the later slides. 

• But interpretability research in NLP is not limited to just mech 
interp! Older methods like dimensionality reduction, feature 
visualization could also be considered as interpretability work. 



Circuits

• What is a circuit? (Apparently not ones you learn in physics or electrical 
engineering…)

• Think of it more as a small and interpretable subgraph inside a 
network that implements specific behaviors

For example, in this figure from Wang et al., 
2023:
The circuit is colored in orange where nodes 
are attention layers, and edges are 
interactions between layers.

https://arxiv.org/pdf/2211.00593
https://arxiv.org/pdf/2211.00593


Circuits

• Circuits connect specific neurons, layers, and attention heads. 
They together perform a task

For example, in this figure from Wang et al., 
2023:

Here, the circuit performs a task called 
indirect object identification (IOI)

https://arxiv.org/pdf/2211.00593
https://arxiv.org/pdf/2211.00593


Why circuits matter?

• They reveals how model compute (for a specific task)
• It gives mechanistic explanation for specific behaviors like 

copying, induction, classification, etc.
• Knowing the circuit/path, it informs us to debug, steer, or verify 

models for safety or debiasing.



Classic circuit examples

• Induction head circuit (Olssen et al., 2022):
• If sequence A-B appeared before, then if A appears again, we can predict 

B
• Important for in-context learning.

• Name-mover circuit (Indirect Object Identification (IOI) 
circuit), Wang et al., 2023

• Early circuits from computer vision (InceptionV1)
• Works from Olah et al., 
• Interpretable features from vision models.
• For example: curve circuits for detecting curves.

https://arxiv.org/pdf/2209.11895
https://arxiv.org/pdf/2211.00593


Methods for discovering circuits

• Activation patching / causal tracing
• Identifying which model activations are most important for determining 

model behavior between two similar prompts that differ in a key detail
• An effective variant: attribution patching

• Path patching 
• Feature visualization
• Direct attribution / weight-level analysis
• …

https://www.neelnanda.io/mechanistic-interpretability/attribution-patching


Example: circuits in transformer models



Example: Indirect Object Identification circuit

• What’s Indirect Object Identification (IOI)?

When Mary and John went to the store, John 
gave a drink to ___

Answer: Mary



Indirect Object Identification circuit

• In this paper they use GPT2-small, which only has 12 transformer 
blocks, and 12 attention heads per attention layer

• Sort of the nature of many mech-interp work: they work on a very 
defined task. Here, the task is indirect object identification.

• This work explains end-to-end how the model works, which is rare.
• Here, in a circuit C is a subgraph of the model, responsible for 

some behavior: completing the IOI task.



The circuit in GPT2-small that implements IOI
7 types of attention heads
(each in a different color here)



The circuit in GPT2-small that implements IOI

• Duplicate token, induction token, previous token heads (3 different 
types) identify previous names: John, Mary, John

• S-inhibition heads suppress attention paid to the duplicated name
• Name mover heads copy the remaining name
• Negative name movers write against the correct answer (!!)



Path patching 

• Path patching replaces part of a model’s forward pass with 
activations from a different input.

• By replacing edges, it can test the causal contribution of that 
node on the rest of the path.



Limitations 

• While in the paper, they were able to identify 7 types of heads, 
there are still components that they don’t understand. 
• Including the attention patterns of the S-Inhibition heads

•  GPT-2 small is way smaller than state-of-the-art transformer 
models, can we scale this approach to much larger models?
• For example, some findings don’t apply to GPT-2 Medium already: not all 

these heads attend to IO and S → more complex behavior than the Name 
Movers Heads in the GPT-2 small.



Pointers  

• There are many blogs dedicated to mech interp. For example:
• LessWrong 
• The AI Alignment Forum
• Neel Nanda’s A comprehensive mechanistic interpretability explainer & glossary
• This fun and short paper by Saphra and Wiegreffe is also a good starting point: 

more on the history, the community, and where the name mechinterp is from.
• Any many other blogs, for example.
• On interpretability research in general (not just mech interp), this position paper 

from Zack Lipton.
• Another survey paper: Rauker et al. 

https://www.lesswrong.com/
https://www.lesswrong.com/
https://www.alignmentforum.org/
https://www.alignmentforum.org/
https://dynalist.io/d/n2ZWtnoYHrU1s4vnFSAQ519J
https://aclanthology.org/2024.blackboxnlp-1.30.pdf
https://aclanthology.org/2024.blackboxnlp-1.30.pdf
https://transformerlensorg.github.io/TransformerLens/content/getting_started_mech_interp.html
https://arxiv.org/pdf/1606.03490
https://arxiv.org/pdf/2207.13243
https://arxiv.org/pdf/2207.13243


Mixture of Experts

Some slides are borrowed from Aran Nayebi and Matt Gormley

https://www.cs.cmu.edu/~mgormley/courses/10423/slides/lecture16-moe.pdf


What is Mixture of Experts (MoE)

• We are strictly talking in the context of transformer models here!

• MoE has two main features:
• Instead of dense feed-forward network layers, sparse MoE have multiple 

experts, where each expert is a neural network
• Or each expert can be an MoE! → hierarchical MoE



What is Mixture of Experts (MoE)

• We are strictly talking in the context of transformer models here!

• MoE has two main features:
• Instead of dense feed-forward network layers, sparse MoE have multiple 

experts, where each expert is a neural network
• Or each expert can be an MoE! → hierarchical MoE

• A gate network or router that decides which tokens are sent to which 
expert



In a traditional transformer block: MoE



Illustration from 
https://www.dailydoseofds.
com/p/transformer-vs-
mixture-of-experts-in-llms/ 
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MoE during inference 

• During inference, a subset of expert are selected with the router. 
Since each expert is a much smaller neural network, the 
inference step faster than normal transformer.

• So that means only some of the parameters are being used 
during inference.

• However, all parameters and experts need to be loaded in RAM, so 
memory requirement is still high.



Breaking a Feed-forward Layer into Experts



Dense vs sparse MoE

• Dense: each expert have non-zero voice, in other words, all 
experts are activated for every token, just like standard feed-
forward layer

• Sparse (more popular): only some experts are activated for each 
token, and the router decides which.
• We are talking about this one today!



Expert Parallelism

• Each expert can be allocated to a different device (GPU) 
• Each token is routed to K experts 
• Load balancing issues if too many tokens are routed to the same expert 
• Example: 3 devices, capacity of 3 tokens/device, 6 tokens, K=1 experts per 

token



Expert Parallelism

• Example: 3 devices, capacity of 3 tokens/device, 4 tokens, K=2 
experts per token



Sparsely-gated MoE 

Many gating mechanisms: noisy top-K, 
GShard (Lepikhin et al., 2020),
Switch transformer, etc.

One naïve solution is
• Choose highest-scoring k experts according to the

softmax probability distribution

• But without load balancing, the gate converges to few experts 
early!

G decides which expert, E 
send to expert

https://arxiv.org/pdf/2006.16668


Load balancing 

• Left unregulated, all tokens are sent to just a few experts, which will 
make training inefficient.
• Gating network/router converges early to same few experts

• How to regulate?
Many options!
• Switch transformer: only route each token to one expert!

• More advanced : Gshard/ Auxiliary loss
• More in-depth tutorial on this topic :

• https://huggingface.co/blog/moe
• https://huggingface.co/blog/NormalUhr/moe-balance 

Fast! But bigger risk of token 
overflow. If the capacity factor is 
set incorrectly, you might get too 
many tokens dropped or too many 
tokens assignment to one expert.

https://huggingface.co/blog/moe
https://huggingface.co/blog/moe
https://huggingface.co/blog/NormalUhr/moe-balance
https://huggingface.co/blog/NormalUhr/moe-balance
https://huggingface.co/blog/NormalUhr/moe-balance
https://huggingface.co/blog/NormalUhr/moe-balance


What does an expert learn? (examples from Switch Transformer)



What does an expert learn? (examples from Switch Transformer)

In multilingual setting:

Experts are disappointedly 
not specializing in 
language….



Number of experts 

• With Switch Transformer, more experts lead to better efficiency, 
but these are diminishing gains

• After 256 experts, the gains are no longer monotonic
• Also more VRAM will be needed for inference.

Talking about number experts…
Designing an LLM with MoE architecture is also heavily tied to the 
hardware. In an industry research team, you will need experts in 
training large-scale models, high performance computing, and 
distributed systems.



Advantages and disadvantages of MoE

• Advantages:
• It makes pretraining much faster and efficient
• Much faster inference compared to a model with the same number of 

parameters.

• Disadvantages: 
• Requires high VRAM since all experts are loaded in memory
• Fine-tuning could be challenging



Thank you!

• And that’s the final lecture for CS 6120!
• Thank you, 60 of you, for enrolling in my class! I hope you’ve found 

this class useful and enjoyed most of the topics!
• Hope you have a great Thanksgiving! I look forward to reading your 

final reports!
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