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Plan for Today

• Depressing fact: You are not OpenAI

• But you still can customize your own models

• General Approaches
▶ Distillation
▶ Adaptation
▶ Quantization
▶ Prompting
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Language models grew 100x in compute requirements in a few years
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Distillation

2019: Popular way of reducing big model to smaller model
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Distillation

Going to train the student model to match the (bigger) teacher model
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Distillation

You’re not just trying to match label prediction, trying to match teacher
predicted distribution
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Distillation

Use higher termperature to capture details of distribution
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Distillation

Keep every other layer, initialize to their previous values
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Adaptation: When Distillation isn’t enough

2021, one of the most used techniques today
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Adaptation: When Distillation isn’t enough

Umar Jamil - https://github.com/hkproj/pytorch-lora

How do neural networks work?

Input Output

Hidden Layer 1 Hidden Layer 2

Loss

Target

If you fine-tune, you’ll need to store all of the paramters. . . not always
possible
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Adaptation: When Distillation isn’t enough

Let’s zoom in
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Adaptation: When Distillation isn’t enough

Not updated

Let’s keep the original parameters as-is
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Adaptation: When Distillation isn’t enough

Adapters

Not updated

Adapter D: a cheaper addative change: W′1 =W1+D
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Adaptation: When Distillation isn’t enough

Adapters

Not updated

Only update 
adapter weights

Can be cheaper if D is low-rank: W′1 =W1+A1 ·B1
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Let’s think about the Dimensions
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Normally, W maps hidden state of dimension d to the same thing. This
requires d 2 floats.
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Let’s think about the Dimensions

h1
<latexit sha1_base64="Wyaa1aoUASESaERgEmtVMK+nX8Y="></latexit><latexit sha1_base64="/R30d+GbgIzcPgek476TzB/mxTA="></latexit><latexit sha1_base64="/R30d+GbgIzcPgek476TzB/mxTA="></latexit><latexit sha1_base64="LekHRIYbiKWXSdHxL2nPbGd9LJA="></latexit>

h2
<latexit sha1_base64="HPik+9mRaP7Un44WXXRn7vMod/o="></latexit><latexit sha1_base64="2abyxR0e94AFDMKruRWz9X+AfHA="></latexit><latexit sha1_base64="2abyxR0e94AFDMKruRWz9X+AfHA="></latexit><latexit sha1_base64="KboLmWMYZXEEwyA1yVx9JHmg05Y="></latexit>

W1
<latexit sha1_base64="KAvSBZqpTgm/enFgkw9/vYBy42E="></latexit><latexit sha1_base64="pb4JrGmfnJ2d66C/OB5mB/qaB5g="></latexit><latexit sha1_base64="pb4JrGmfnJ2d66C/OB5mB/qaB5g="></latexit><latexit sha1_base64="3fAcLEKD11vKSluIlsGhGnHiwi0="></latexit>

+
<latexit sha1_base64="uloaLwJaEh0Xe5QUAZkwb1gf1pA="></latexit><latexit sha1_base64="O1yymhkS7AZpkmxXgp5Xkzrgzls="></latexit><latexit sha1_base64="O1yymhkS7AZpkmxXgp5Xkzrgzls="></latexit><latexit sha1_base64="OMUlaMQ5vuW+5cfEZaFeeZxPV6k="></latexit> A1

<latexit sha1_base64="3l/d6R+ncTQda5JDWQaByLkqkk8="></latexit><latexit sha1_base64="uDK9xweQza9B+FYYrZXXrTrj9AA="></latexit><latexit sha1_base64="uDK9xweQza9B+FYYrZXXrTrj9AA="></latexit><latexit sha1_base64="+oeD0TT6oFW6Q3KUfx+j4gxshyU="></latexit>

B1
<latexit sha1_base64="5e5x3S2IMn7FP65aC5Dj4cuAU04="></latexit><latexit sha1_base64="6fqSfncSP0Wbvpgkq288nST0vQU="></latexit><latexit sha1_base64="6fqSfncSP0Wbvpgkq288nST0vQU="></latexit><latexit sha1_base64="jI8RXS1zqNzbFV7ssoxX+osGNj0="></latexit>

So we keep the updates in two lower rank matrices of dimension
r << d .
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d d

d

d d

r

r

d

This requires floats but only adds r 2d to the total.
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Does this work?
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What’s the right rank?
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Why does this work?

LoRA can adapt any model f to accurately represent smaller target f̂ if

LoRA-rank ≥ width( f )depth( f̂ )
depth( f ) .
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We talked about the number of floats, but do we need
full precision?
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We talked about the number of floats, but do we need
full precision?

How much space do these take?

Type Size
int (−n to n ) bits
half-precision float bits

IEEE 754
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We talked about the number of floats, but do we need
full precision?

How much space do these take?

Type Size
int (−n to n ) lg(2n ) bits
half-precision float bits

IEEE 754
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We talked about the number of floats, but do we need
full precision?

How much space do these take?

Type Size
int (−n to n ) lg(2n ) bits
half-precision float 16 bits

IEEE 754
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QLoRA

16-bit float-65520 65520

Half-precision floats range: ± 65504, minimum value above 1 is 1+ 1
1024
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QLoRA

16-bit float

-7 74-bit integer

-65520 65520

At first, this doesn’t seem that great, as a 4-bit integer only covers a
small portion of the range
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QLoRA

16-bit float

-7 74-bit integer

-65520 65520

But thanks to initialization / regularization, most weights are small.
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QLoRA

16-bit float

-7 74-bit integer

-65520 65520

So it doesn’t make sense to only use part of our mapping.
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QLoRA

7

74-bit integer

16-bit float

So let’s restrict our range
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QLoRA

16-bit float-7 7

-7 74-bit integer

Fewer collisions
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QLoRA

16-bit float-65520 65520

-7 74-bit integer

Outlier

Outlier

But this doesn’t work if we have “outliers”
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QLoRA

16-bit float

-7 74-bit integer

-7 7

A uniform mapping would be mostly wasted, with lots of collisions
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QLoRA

But the heads with outliers are actually really important for low
perplexity
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QLoRA

So we look for the heads with outliers and handle them separately
(more bits)
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QLoRA
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Wrapup

• You cannot fine tune the largest models

• LoRA lets you keep track of backprop changes with fewer
parameters

• QLoRA lets you keep track of those changes with even less
memory
▶ Finetuning possible on laptops
▶ And machines without GPUs
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