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Logistics
• Final project:

• Mid-project report is due November 12.

• Project presentations: Dec 5, 10. 

• Final project report due date: Tentatively December 17. 

• I will be traveling next week, will have two guest lectures.

• Interpretability

• Multilinguality

• Two quizzes in the week of Nov 3: will announce readings.

• Mid-semester feedback: shared a Google form on Canvas.  
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Last Class Recap

• Parameter Efficient Finetuning

• Low Rank Adapters (LoRA) 



QLoRA
• QLoRA is the extended version of LoRA which works mainly by 

quantizing the precision of the network parameters.

• Before we dive into what QLoRA is, let’s look at what quantization
is.

Think of quantization as ‘ splitting range into buckets ’.



Quantization
Think of quantization as ‘ splitting range into buckets ’.

27 55.3 83.78

Any number between
0 and 100

Quantized by
whole numbers

27 55 83

20 50 80

Quantized by
10s



QLoRA
Let’s look at an example!

Let 𝑋𝑋𝐹𝐹𝑃𝑃32 be an array of values.

1.5 2.3 3.7 4.1 5.6 6.8 7.9 8.4 9.2 10.2

Here, FP32 refers to a 32- 
bit floating-point 

number.

What if we want to quantize from FP32 to Int8?



QLoRA
So, to quantize 𝑋𝑋𝐹𝐹𝑃𝑃32 to 𝑋𝑋𝐼𝐼𝑛𝑛𝑡𝑡8 :

Int8 values range from -127 to 
127

The absolute maximum value 
in the array, 𝑋𝑋𝐹𝐹𝑃𝑃32 .

Array of values



QLoRA

𝑋𝑋𝐼𝐼𝑛𝑛𝑡𝑡8  = 𝑟𝑟𝑜𝑜𝑢𝑢𝑛𝑛𝑑𝑑(𝑐𝑐𝐹𝐹𝑃𝑃32𝑋𝑋𝐹𝐹𝑃𝑃32)

So, to quantize 𝑋𝑋𝐹𝐹𝑃𝑃32 to 𝑋𝑋𝐼𝐼𝑛𝑛𝑡𝑡8 :



QLoRA

68

1.5 2.3 3.7 4.1 5.6 6.8 7.9 8.4 9.2 10.2

𝑋𝑋𝐼𝐼𝑛𝑛𝑡𝑡8 = 𝑟𝑟𝑜𝑜𝑢𝑢𝑛𝑛𝑑𝑑(𝑐𝑐𝐹𝐹𝑃𝑃32𝑋𝑋𝐹𝐹𝑃𝑃32)

In our example,

𝑋𝑋𝐹𝐹𝑃𝑃32

𝑐𝑐𝐹𝐹𝑃𝑃32 = 127
𝑎𝑎𝑏𝑏𝑠𝑠𝑚𝑚𝑎𝑎𝑥𝑥 𝑋𝑋𝐹𝐹𝑃𝑃32 = 127

10.2
= 12.4509

Now, we combine the formula and the values that we
have



QLoRA

𝑋𝑋𝐼𝐼𝑛𝑛𝑡𝑡8 = 𝑟𝑟𝑜𝑜𝑢𝑢𝑛𝑛𝑑𝑑(12.4509 x 1.5 2.3 3.7 4.1 5.6 6.8 7.9 8.4 9.2 10.2 )

𝑋𝑋𝐼𝐼𝑛𝑛𝑡𝑡8 = 18 29 46 51 69 85 98 105 115 127

𝑋𝑋𝐼𝐼𝑛𝑛𝑡𝑡8 = 𝑟𝑟𝑜𝑜𝑢𝑢𝑛𝑛𝑑𝑑(𝑐𝑐𝐹𝐹𝑃𝑃32𝑋𝑋𝐹𝐹𝑃𝑃32)



QLoRA

To dequantize:

𝑋𝑋𝐼𝐼𝑛𝑛𝑡𝑡8  = 𝑟𝑟𝑜𝑜𝑢𝑢𝑛𝑛𝑑𝑑(𝑐𝑐𝐹𝐹𝑃𝑃32𝑋𝑋𝐹𝐹𝑃𝑃32)

What if we want to dequantize and get back the original array,
𝑋𝑋𝐹𝐹𝑃𝑃32?

Dequantization
error



QLoRA – Ingredient 1: 4-Bit NormalFloat

• 4-bit NormalFloat
• 4-bit NormalFloat is a clever way to split the buckets.

4-bit means we have
24 = 16 possible buckets for quantization.

Equally spaced buckets

0

Equally sized buckets
This is an enhanced version of

quantile quantization.



QLoRA – Ingredient 1: 4-Bit NormalFloat

• Why use 4-bit NormalFloat
• Designed for efficient storage and computation in 
machine learning.

Most datasets in machine learning are 
normally distributed and precision 

around the mean is valuable.
Equally spaced buckets

0

Equally sized buckets
This is an enhanced version of

quantile quantization.



4-Bit NormalFloat

There are 3 key ingredients which helps us make QLoRA:

QLoRA – The Ingredients

Paged Optimizer
(Offload some of the 

activations etc to CPU 
to save memory)

Double Quantization
(Quantize in blocks, 
quantize each of the 

constants too)



QLoRA

• QLoRA can replicate 16-bit full fine-tuning performance with a 4-bit 
basemodel and Low-rank Adapters.

• It's the first method that enables fine-tuning of 33B parameter models on 
a single consumer GPU and 65B parameter models on a single 
professional GPU without degrading performance relative to a full 
finetuning baseline.

• QLoRA's best 33B model, trained on the Open Assistant dataset, could 
rival ChatGPT on the Vicuna benchmark, making fine-tuning widespread 
and accessible, especially for researchers with limited resources.



Inference Efficiency



(We know that) Training big models is expensive

HOLISTICALLY EVALUATING THE ENVIRONMENTALIMPACT OF CREATING LANGUAGE MODELS

https://openreview.net/pdf?id=04qx93Viwj


Training models is expensive, but inference can be 
even more expensive

https://www.semianalysis.com/p/the-inference-cost-of-search-disruption

http://www.semianalysis.com/p/the-inference-cost-of-search-disruption
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• How can we cheaply, efficiently, and equitably deploy 
NLP systems without sacrificing performance?

Today’s Topic



This Lecture

‣ Decoding optimizations:
‣ Speculative decoding
‣ Medusa heads

‣ Model compression

‣ Pruning LLMs
‣ Distilling LLMs

‣ Flash attention

‣ LLM quantization



Decoding Optimizations



Decoding Basics

<s>       I       saw    the    dog

I       saw    the    dog  running

running

to

to

the

Prompt (prefix of p tokens) Decoded tokens (k)

L transformer 
layers

Operations for one decoder pass (on a GPU):

Operations for k decoder passes (on a GPU):

O(L)

O(kL)



Speculative Decoding

<s>       I       saw    the    dog

I       saw    the    dog  running

running     to       the    house

‣ Key idea: a forward pass for several tokens at a time is O(L) serial 
steps, since the tokens can be computed in parallel

‣ Can we predict many tokens with a weak model and then “check” 
them with a single forward pass?

Prompt (prefix of p tokens) Decoded tokens (k)



Speculative Decoding

<s>       I       saw    the    dog

I       saw    the    dog  running

running     to       the    house

‣ We can use a small, cheap model to do inference, then check that 
“to”, “the”, “house”, “quickly” are really the best tokens from a 
bigger model

to         the   house  quickly

Prompt (prefix of p tokens) Decoded tokens (k)

Leviathan et al. (2023)



Speculative Decoding: Flow

<s>       I       saw    the    dog

I       saw    the    dog  running

running     to       the    house

‣ Produce decoded tokens one at a time from a fast draft model…

to        the   house  quickly

DRAFT DRAFT DRAFT DRAFT DRAFT

<s>       I       saw    the    dog

I       saw    the    dog  running

running     to       the    house

to        the   house  quickly

MAIN MAIN

‣ Confirm that the tokens are the max tokens from the slower main model. 
Any “wrong” token invalidates the rest of the sequence





Speculative Decoding

‣ Can also adjust this to use sampling. Treat this as a proposal distribution 
q(x) and may need to reject + resample (rejection sampling)

Leviathan et al. (2023)



Speculative Decoding
‣ Find the first index that was 

rejected by the sampling 
procedure, then resample from 
there

Leviathan et al. (2023)



Medusa Heads

https://www.together.ai/blog/medusa

‣ The “draft model” consists 
of multiple prediction 
heads trained to predict the  
next k tokens



Medusa Heads

https://www.together.ai/blog/medusa

‣ Speedup with no loss in 
accuracy!



Other Decoding Improvements

‣ Batching parallelism: improve throughput by decoding many examples in 
parallel. (Does not help with latency, and it’s a little bit harder to do in 
production if requests are coming in asynchronously)

‣ Low-level hardware optimizations?

‣ Most other approaches to speeding up require changing the model 
(making a faster Transformer) or making it smaller (distillation, 
pruning; discussed next)

‣ Easy things like caching (KV cache: keys + values for context tokens 
are cached across multiple tokens)



Flash Attention



Flash Attention

‣ Does extra computation during attention, but avoids expensive 
reads/writes to GPU “high-bandwidth memory.” Recomputation is 
all in SRAM and is very fast

‣ Essentially: store a running sum for the softmax, compute values as needed



Flash Attention

‣ Gives a speedup for free — with no cost in accuracy (modulo 
numeric instability)

‣ Outperforms the speedup from many other approximate 
Transformer methods, which perform substantially worse



Model Compression



Model Compression

1.Quantization
• keep the model the same but reduce the number of bits
2.Pruning
• remove parts of a model while retaining performance
3.Distillation
• train a smaller model to imitate the bigger model



Why train big and then compress?

Overparameterized models are easier to 
optimize (Du and Lee 2018)



Lottery Ticket Hypothesis
Within a randomly initialized dense neural network, there exists 

a small subnetwork (a "winning ticket") that, when trained in 

isolation with the same initialization, can match or even 

outperform the original network.



Pruning



Pruning
• Remove parameters from the model after training



Pruning vs Quantization
• Quantization: no parameters are changed*, up to k bits of 

precision

• Pruning: a number of parameters are set to zero, the rest 
are unchanged



Pruning

‣ Basic idea: remove low-magnitude weights

‣ Issue: sparse matrices are not fast, matrix multiplication is very 
fast on GPUs so you don’t save any time!



Pruning

‣ Basic idea: remove low-magnitude weights

‣ Instead, we want some kind of structured pruning. What does this look 
like?

‣ Still a challenge: if different layers have different sizes, your GPU 
utilization may go down



Sheared Llama

Xia et al. (2023)

‣ Idea 1: 
targeted 
structured 
pruning

‣ Parameterization and 
regularization encourage 
sparsity, even though the 
z’s are continuous

‣ Idea 2: continue training the model 
in its pruned state



Sheared Llama

Mengzhou Xia et al. (2023)

‣ (Slightly) better than models that were “organically” trained at these 
larger scales



Approaches to Compression
‣ Pruning: can we reduce the number of neurons in the model?

‣ Basic idea: remove low-magnitude weights

‣ Instead, we want some kind of structured pruning. What does this look 
like?

‣ Knowledge distillation

‣ Classic approach from Hinton et al.: train a student model to match 
distribution from teacher



DistilBERT
figure credit: Tianjian Li

Suppose we have a classification model with output Pteacher(y | x)

Minimize KL(Pteacher || Pstudent) to bring student dist close to teacher

Note that this is not using labels — it uses the teacher to “pseudo-label” 
data, and we label an entire distribution, not just a top-one label 



DistilBERT

Sanh et al. (2019)

‣ Use a teacher model as a large neural network, such as BERT

‣ Make a small student model that is half the layers of BERT. Initialize with 
every other layer from the teacher

figure credit: Tianjian Li



DistilBERT

Sanh et al. (2019)



Other Distillation (Synthetic Data Generation)

Cheng-Yu Hsieh et al. (2023)

‣ How to distill models for complex reasoning settings? Still an open 
problem!



Where is this going?

‣ Better GPU programming: as GPU performance starts to saturate, we’ll 
probably see more algorithms tailored very specifically to the 
affordances of the hardware

‣ Small models, either distilled or trained from scratch: as LLMs gets 
better, we can do with ~7B scale what used to be only doable with 
ChatGPT (GPT-3.5)

‣ Continued focus on faster inference: faster inference can be highly 
impactful across all LLM applications



Takeaways
‣ Decoding optimizations: speculative decoding gives a fast way to exactly 

sample from a smaller model. Also techniques like Flash Attention

‣ Model optimizations to make models smaller: pruning, distillation

‣ Model compression and quantization: standard compression 
techniques, but adapted to work really well for GPUs
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