
Project 1: Growing sparse large language models

Work done at my last internship.

Can we start with a small parameter language model and gradually expand it 
into a larger model that still performs well but has fewer parameters than very 
large models?



Sparse LLMs is an incredibly relevant topic right now!



Current techniques to pruning/sparsifying LLMs, involve training a large dense 
model and then pruning weights post-training to be sparse without loss in 
accuracy.



Another idea is to start from an untrained small dense model, 
expanding the dimension and sparsifying as we train. But this is 
often less efficient and does not perform as well as just training a 
large model from scratch.
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Can we “transplant” the 
weights of a small 
pretrained model into a 
large untrained one to 
cause that larger model to:

a. Start at a better 
initialization?     
Transfer learning

b. Train more efficiently?       
Continual learning
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Recipe 1: 

Train a large (e.g. 1.4B) sparse 
from scratch i.e from tabula 
rasa weights.

Recipe 2: 

Somehow leverage/maintain the 
priors from a small (e.g. 410M) 
pre-trained model, reducing the 
amount of training needed. 

We apply our multi-sparse 
training algorithms here.

This is the 
“reverse 
distillation”. We 
innovate here! 
e.g. how to 
expand?

x steps/tokens

y steps/tokens

Hypothesis 

y > x

How can we use a pretrained model, but leverage higher dimensionality and multi-sparse training at the same time?
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t = 0
Does Recipe 2 get us to 
the same loss faster than 
Recipe 1? 

???

N

y

x Compare post-training the large 
expanded model to a baseline of 
continued learning by the small 
pretrained model.
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x = starting loss of tabula rasa model 
y = starting loss of small pretrained and large expanded model
N = equivalence point where Recipe 1 and Recipe 2 cross
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Does Recipe 2 get us to 
the same loss faster than 
Recipe 1? 

???
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x Compare post-training the large 
expanded model to a baseline of 
continued learning by the small 
pretrained model.

Fair baseline: 
Size(tabula rasa ) == Size( large expanded) 
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How to expand?
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How to expand?

Fundamental desiderata:
● Input-output mapping must be 

preserved immediately after the 
expansion, before any 
post-training.

● In other words the expanded 
model must produce the same 
output logits as the source model 
given the same input tokens.
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How to expand?

Fundamental desiderata:
● Input-output mapping must be 

preserved immediately after the 
expansion, before any 
post-training.

● In other words the expanded 
model must produce the same 
output logits as the source model 
given the same input tokens.

y = starting loss of small pretrained and large expanded model
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Expansion approaches

(1) Copy & zero-pad



{Q
, K

, V
}0

{Q
, K

, V
}N

E
m

bedding

...
A

ttention

M
LP

LM
 H

ead

(1) Copy & zero-pad

We call this expansion strategy 
‘top-left’ 
because of how it prescribes for 
weights of intermediate module 
layers to be expanded .



(2) Isotropic expansion

PS: My PhD lab at MIT actually works on expansion microscopy for neuroscience.
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(2) Isotropic expansion



Comparisons for experiments

small pretrained

large expanded

Top-left Isotropic

Expand (2x)
tabula rasa

Fair baseline:

Size(tabula rasa ) == Size( large expanded) 



Comparisons for experiments

Always keep this plot in mind.

x = starting loss of tabula rasa model 
y = starting loss of small pretrained and large expanded model
N = equivalence point where Recipe 1 and Recipe 2 cross
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Preliminary result

But how will our results scale with model size?

small pretrained : 70M params; init.val.loss 5.76
large expanded : 2x width expansion -> 180M; init.val.loss 5.76
tabula rasa : 180M params; init val.loss 11.13
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Training steps

Val perplexity

Large 160M 
started tabula 
rasa

pretrained 70M 
expanded to 160M →*

t = 0 N

y

x

Training steps

Val perplexity

Large 1.4B 
started tabula 
rasa

→** pretrained 410m 
expanded to 1.4B →***

t’’ = 0 N’’

y’’

x’’

Training steps

Val perplexity

Large 410m 
started tabula 
rasa

→* pretrained 160M 
expanded to 410m →**

t’ = 0 N’

y’

x’

etcetera … until final target model 
size (e.g. 12B) achieved.

Potentially novel model scaling recipe?

Preliminary observations

x’’ > x’ >> x 
● larger random models start of 

worse, but they have better slopes 
so end up with better loss

y’’ < y’ < y 
● classic scaling law result that larger 

models achieve lower loss

N’’ < N’ < N 

● for larger models, the equivalence 
point shifts to earlier.



Preliminary results



What I learned from Project 1
Working collaboratively with a small team. 

Sharing resources. Contiguous integration testing. 

Using and building upon existing infrastructure and codebases.

Lots of industry machine learning.

- Actually learned about and how to use git. Not quite mastered it, but who has?
- Importance of unit testing and continuous integration (CI) testing (CircleCI)
- Run experiments on cloud computing cloud computing clusters (Oracle)
- Track experiment progress with logging services (WandB)
- How to project plan and best practices like Agile for progress monitoring with (ShortCut)
- APIs for many close and open-source language models (OpenAI, Claude, Hugging Face…)


