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Logistics

● Homework assignments
○ Quiz 0, due tomorrow 2/17

■ graded for genuine attempt, not correctness
○ Homework 0 & 1, due 3/3 & 3/10 

■ 5% extra credits each
● Student presentation groups confirmed



AI news



Deep Think / Parallel Agents / Mixture-of-Agents

https://docs.together.ai/docs/mixture-of-agents#advanced-moa-example

https://docs.together.ai/docs/mixture-of-agents#advanced-moa-example


AI news
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Model APIs

● together.ai
● openrouter.ai // unified interface

http://together.ai
http://openrouter.ai


What are mixture-of-experts?

● The gpt-oss models are autoregressive Mixture-of-Experts 
(MoE) transformers
○ gpt-oss-120b: 36 layers (116.8B total parameters and 

5.1B “active” parameters per token)
○ gpt-oss-20b: 24 layers (20.9B total and 3.6B active 

parameters)





The Bitter Lesson

“The biggest lesson that can be read from 70 years of AI 
research is that general methods that leverage computation are 
ultimately the most effective, and by a large margin.”

Rich Sutton, 2019

Simple architectures—backed by a generous computational 
budget, data set size and parameter count—surpass more 
complicated algorithms









Transformer block recap

Feed forward

Multihead Attention



Position-wise feedforward networks

WO
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Switch Transformers The layer operates independently on the tokens



Mixture of Expert Routing





Switch Transformers

● Vanilla Transformer
○ densely-activated

● Switch Transformer
○ sparsely-activated expert model
○ with an outrageous number of parameters—but a 

constant computational cost (!)
○ pretraining up to trillion parameter models and achieving 

a 4x speedup over the T5-XXL (11B)



Rethinking Mixture-of-Experts

● Shazeer et al. (2017)
○ Each token is processed by every expert, and their outputs 

are combined
○ This increases computational cost linearly with the number 

of experts, so adding experts makes training and inference 
more expensive

● Switch layer
○ Only a small subset of experts are activated per token
○ This allows the model to scale to many more experts while 

keeping the computational cost per token roughly constant

https://arxiv.org/pdf/1701.06538




What would happen with 
the blue (dropped) token?



overflow wasted computation & memory



An auxiliary load balancing loss



fi: fraction of tokens to expert i

● For each token in the batch, check 
which expert got chosen.

● Count how many times expert 𝑖 was 
picked.

● Divide by the total number of 
tokens 𝑇  to get the fraction.

Pi: router probability for expert i

● The router assigns probabilities to 
each expert for every token.

● For each token, take the probability 
that expert 𝑖 i was preferred.

● Average over all tokens.

The auxiliary loss encourages uniform routing since it is 
minimized under a uniform distribution



Speed advantage of Switch Transformer



Switch-Base is more sample efficient than T5-Large 



Switch-Base is faster than T5-Large (2.5x speedup)



… and significant downstream improvements 



Token-choice routing

“Mixture-of-Experts with Expert Choice Routing” by Zhou et al. (2022)

https://arxiv.org/pdf/2202.09368


Expert-choice routing

“Mixture-of-Experts with Expert Choice Routing” by Zhou et al. (2022)

https://arxiv.org/pdf/2202.09368


When to use sparse MoEs vs dense models?

Experts are useful for high throughput scenarios with many 
machines. Given a fixed compute budget for pretraining, a 
sparse model will be more optimal. For low throughput 
scenarios with little VRAM, a dense model will be better.

https://huggingface.co/blog/moe

https://huggingface.co/blog/moe


Parameter-efficient fine-tuning (PEFT)



Model parameters (weights)

● Embedding matrices
○ Word embeddings, positional embeddings, segment 

embeddings
● Weight matrices

○ E.g., WQ  , WK, WV, WO
● Bias terms



Bias term

bias term



Updating model parameters



Updating model parameters (cont’d)



Full model fine-tuning (Full FT)

Task A Task B Task C

Task A 
Model

Task B 
Model

Task C 
Model



Limitations of full model tuning





Soft prompt tuning

“The Power of Scale for Parameter-Efficient Prompt Tuning” by Lester et al. (2021)

https://research.google/blog/guiding-frozen-language-models-with-learned-soft-prompts/


Soft prompt

Multi-head Self-attention 
(unmasked)

[P2] [P3] [P4] [P5] A1 A2 A3 A4 A5 A6 A7[P1]

soft tokens are 
added in the 

embedding layer 



Advantages of soft prompt tuning



Parameter-efficient tuning & mixed-task inference
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Improvement 
with Scale



Resilience to domain shift



Effect of 
prompt 
length



Effect of 
prompt 
initialization



Parameter 
usage



Interpretability

● the learned prompts taken as sequences show little 
interpretability





Generic SPoT



Prompt-based 
task embeddings 
capture task 
relationships



Targeted SPoT







Adapters





LoRA



Algebra review

● The rank of a matrix is the number of linearly independent 
rows or columns (whichever is smaller)

● A full-rank matrix refers to a matrix that does not have any 
constraints on its rank. In other words, it has the maximum 
possible rank, meaning all of its rows and columns are 
linearly independent.





Weight changes during model adaptation have a low 
“intrinsic rank”

● The learned over-parametrized models in fact reside on a low intrinsic 
dimension
○ intrinsic dimension: the minimal number of variables needed to describe 

the essential variations in the data

● Many real-world high-dimensional datasets actually lie on or near a 
lower-dimensional manifold embedded in the high-dimensional space

● If a model or function resides in a low intrinsic dimension, then it may be 
possible to approximate it well with fewer parameters or a lower-dimensional 
representation, leading to improved generalization and efficiency



LoRA

https://thinkingmachines.ai/blog/lora/

https://thinkingmachines.ai/blog/lora/




LoRA

Only rank  
decomposition 

matrices A and B 
are trained



Advantages of LoRA







LoRA exhibits better scalability and task performance



Given a limited parameter budget, which weight 
matrices should we apply LoRA to?



The effect of rank r on model performance



practical recommendations

# of training examples

● < 20: LoRA is difficult to train 
● 50: LoRA w/ careful settings can be better than full model 

fine-tuning; r=1 or 4 
● O(100): e.g., 200-500, LoRA is recommended; r=1 or 4 
● O(10K): should compare LoRA vs. full model fine-tuning 
● Very large (>100K): LoRA can get decent quality to match 

full model fine-tuning when r is large, e.g., 128 or 512



LoRA Without Regret

https://thinkingmachines.ai/blog/lora/

https://thinkingmachines.ai/blog/lora/


LoRA Without Regret

https://thinkingmachines.ai/blog/lora/

● LoRA can match full fine-tuning – both in sample efficiency and 
final performance – so long as two conditions hold:
○ You apply LoRA to all the weight matrices (especially MLP / 

MoE layers, not just attention).

○ The adapter has enough capacity relative to the amount of 
information to learn

If the adapter rank is too small, LoRA becomes bottlenecked 
and cannot capture all the necessary updates (GPT-style models 
have a capacity of approximately 3.6 bits per parameter)

https://thinkingmachines.ai/blog/lora/


Attention-only LoRA significantly underperforms 
MLP-only LoRA

https://thinkingmachines.ai/blog/lora/

https://thinkingmachines.ai/blog/lora/


LoRA vs. Full Fine-tuning

https://thinkingmachines.ai/blog/lora/

https://thinkingmachines.ai/blog/lora/






Limitations of parameter-efficient tuning methods



Thank you!


