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Motivation
• Key problem: Models are large.  

• This makes it difficult to: 

• Run inference on a variety of devices 

• Laptop 

• Single GPU 

• Fine-tune on a variety of devices 

• Pre-train on many tokens



Example
• Qwen3-8B 

• 8 billion parameters x 16 bits per 
parameter 

• => 8 billion x 2 bytes = 16 gigabytes 

• Suppose we need around 1.5x the model 
weights to run inference (e.g., activations) 

• => 24 GB total memory 

• MacBook Air: 16 GB shared memory 

• Inference requires swapping to disk 

• T4 GPU: 16GB memory 

• Inference leads to out-of-memory



Quantization
• Key idea: represent each model weight (a number) 

using a smaller number of bits. 

• Example: 

• 4bit: ~6GB:



Today’s lecture

• Representing numbers on a computer 

• Quantizing for inference 

• Quantizing & training



Representing numbers

• Data is stored as a sequence of bits 

• Bit: either 0 or 1 

• Byte: 8 bits 

•  

•  

• …

00000000

01011001



Representing numbers

• Number storage depends on the number type 

• Unsigned integer: 0, 1, 2, 3, … 

• Integer: 0, -1, 1, -2, 2, -3, 3, … 

• Real values: 12.34, -0.001, …



Unsigned integer
• Each bit represents a power of 2 

 
 

• Number: sum of powers corresponding to the positions with a 1 

•  
 

 

• U8: 8-bit unsigned integer: 0 to  = 255 

• U16: 16-bit unsigned integer: 0 to  = 65,535 

• U32: 32-bit unsigned integer: 0 to 4,294,967,295

1 × 26 + 1 × 24 + 1 × 22 + 1 × 21

= 64 + 16 + 4 + 2
= 86

28 − 1

216 − 1

0 1 0 1 0 1 1 0

20212227 23242526



Signed integer
• Leftmost bit represents a sign 

 
 

• Algorithm (“two’s complement”): flip all bits, add 1 

• INT8: 8-bit [-128, 127], INT16, INT32

0 1 0 1 0 1 1 0

202122{ − , + } 23242526

1 0 1 0 1 0 0 1

202122{ − , + } 23242526



Floating point
• Represents a subset of real-valued numbers 

• Sign, exponent, and significand bits 
 
 

•  

• Bias allows for storing the exponent as an unsigned int 

• Binary scientific notation:  = (1+0.5+0.125)*8

value = (−1)sign × (1.significand) × 2exponent−bias

1.101 × 23

Sign Exponent Significand
0 0 0 0 0 1 0 1 1 0 0 0 0 0 0 01 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0



Floating point: example
 

• Sign: positive 

• Exponent: 10000001 = 129 

• Exponent - bias: 129 - 127 = 2 

• Significand: 1.011000…0 

•  

• Value: 

1 + 0 × 2−1 + 1 × 2−2 + 1 × 2−3 = 1 + 0.25 + 0.125 = 1.375

1.375 × 22 = 5.5

Sign Exponent Significand
0 0 0 0 0 1 0 1 1 0 0 0 0 0 0 01 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0



Floating point types
• Float32 (“full precision”) 

 

• Float16 (“half precision”) 
 

• BFloat16 

Sign Exponent Significand
0 0 0 0 0 1 0 1 1 0 0 0 0 0 0 01 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Sign Exponent Significand

0 0 0 0 1 1 0 0 0 0 0 0 01 0 0

0 0 0 0 1 1 0 0 0 0 0 0 01 0 0
Sign Exponent Significand

Discuss: 
Pros and cons of BFloat16?



Example

https://huggingface.co/Qwen/Qwen3-8B 

https://huggingface.co/Qwen/Qwen3-8B


Today’s lecture

• Representing numbers on a computer 

• Quantizing for inference

• Quantizing for training



Quantization
• The process of mapping input values from a large set to 

output values in a smaller set. 

• Example: map a higher-precision format (float32) to a 
lower-precision format (int8) 

• Example: round a real number x to the nearest integer value 

 

• Quantization error: difference between an input value and its 
quantized value 

Q(x) = round(x)

Q(1.4) = 1, Q(0.8) = 1



Quantization for LLMs
• For large transformer LMs, the feed-forward and attention 

projection layers and their matrix multiplications are 95% of 
parameters and 65-85% of computation [Ilharco et al 2020] 

• Goal: 

• Quantize these parameters to less bits 

• Example: [b]float16 or float32 to INT8 

• Use low-bit-precision matrix multiplication 

• Doing so will reduce memory requirements, letting us run 
inference with large models on various devices.



8-bit quantization: absmax
• Notation: 

• : FP16 input matrix 

• : INT8 quantized matrix 

• Scales inputs into the 8-bit range [-127, 127] using: 

 

Xf16 ∈ ℝT×h

Xi8 ∈ ℤT×h

Xi8 = round (
127 ⋅ Xf16

maxij( |Xf16ij
| ) )



8-bit quantization: absmax



8-bit quantization: absmax
• Matrix multiplication: 

 

                     

• Where  means quantizing to 8-bit and 
performing 8-bit matrix multiplication, and the outputs are 
accumulated into an INT32 buffer 

• Vector-wise quantization: quantize each row of X and 
each column of W separately

XW =
1

sxsw
Zi32

≈
1

sxsw
Q(X)Q(W)

Q(X)Q(W)



8-bit quantization: absmax



8-bit quantization: zeropoint

•  

•  

•  

•  

• Good for asymmetric data (e.g., activations after a ReLU); 
absmax would not use any negative integers in that case.

INT8 = round(s ⋅ FP) + offset

s =
255

max − min

offset = − round ( 255
max − min

min) − 128

FP =
INT8 − offset

s

Xmax

Xmin
-128

-127

Float INT8



8-bit quantization: zeropoint



Information loss

• As we observed, the mean-squared error is 
nonzero even in these simple examples. I.e., there 
is information loss. 

• Since quantization depends on normalizing based 
on the min and max, information loss is particularly 
extreme in the presence of outliers



Information lossWith 
Outlier

Without 
Outlier



LLM.int8()  
[Dettmers et al 2022]

• Observed that Transformer LMs have outlier features 

• Columns of the activations that are unusually large 
 
 

• In models with  6.7B parameters, observed that an 
outlier occurs in 100% of the layers 

• Hypothesis: quantization results in large performance 
degradation due to outlier features

≥





LLM.int8()  
[Dettmers et al 2022]

• Approach: perform computations that involve outliers in 
higher precision, perform other computations in lower 
precision, merge the results 

• Note: only ~0.1% of activation features are outliers 
 
 
 
 
 
 
 
 



LLM.int8()  
[Dettmers et al 2022]

Zeroshot accuracy



LLM.int8()  
[Dettmers et al 2022]

Validation perplexity



GGML/GGUF/Llama.cpp
• GGML: a library for tensor operations, including its own quantization methods 

• Example method: Q4_K 

• Groups weights into super-blocks containing 8 blocks, each block having 32 weights. 
Each weight is 4 bits. 

• Computes per-block scale and offset, stores as 6-bit 

• Q4_K_S 

• Use Q4_K for all tensors 

• Q4_K_M 

• Use Q4_6 (6-bit, 16x16 super blocks) for half of certain attention and feed forward 
tensors 

• Supports multiple backends, e.g. Metal, ARM, CUDA, … 

• GGUF: a file format for storing neural network architectures 

• Llama.cpp: a library for LLM inference that uses GGML and GGUF

https://github.com/ggml-org/llama.cpp/pull/1684 

https://github.com/ggml-org/llama.cpp/pull/1684


GGML/GGUF/Llama.cpp



Example



Code example



Beyond integers
• New data types are being developed 

• NVFP4: 4-bit format introduced with the Blackwell 
GPU Architecture



Tradeoffs

• Quantization reduces the memory requirements for 
running a model 

• In practice, may see performance degradation 
based on the quantization method



Today’s lecture

• Representing numbers on a computer 

• Quantizing for inference 

• Quantizing & training



Quantization-Aware Training (QAT)

• Motivation: fine-tune a model so that it is 
“prepared” for quantization at inference time 

• Basic idea: insert artificial quantization 
operations into the computational graph



Quantization-Aware Training (QAT)
• Add a quantize-dequantize operation in model layers

https://pytorch.org/blog/quantization-aware-
training/ 

https://developer.nvidia.com/blog/how-quantization-
aware-training-enables-low-precision-accuracy-recovery/ 

https://pytorch.org/blog/quantization-aware-training/
https://pytorch.org/blog/quantization-aware-training/
https://developer.nvidia.com/blog/how-quantization-aware-training-enables-low-precision-accuracy-recovery/
https://developer.nvidia.com/blog/how-quantization-aware-training-enables-low-precision-accuracy-recovery/


Example:



Fine-tuning: QLora 
[Dettmers et al 2023]

• Basic idea: use quantization and memory 
offloading to reduce the GPU memory requirements 
needed to fine-tune large models 



Recap
• Representing numbers on a computer 

• Floating-point, integers 

• Quantizing for inference 

• Absmax and zero-point quantization 

• Outliers and LLM.int8() 

• GGML and Llama CPP 

• Quantizing & training 

• Quantization-aware training 

• Fine-tuning: QLora



Many other methods

https://huggingface.co/docs/transformers/v4.57.1/quantization/overview



Thank you


