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Quantization



Memory requirements

Training large models

• Without optimization 

• Model parameters: N 

• Weights: N floats 

• Gradients: N floats 

• Momentum: N floats 

• 2nd momentum (ADAM): N floats 

• 16N bytes without counting activations

Weight (fp32)

Gradient (fp32)

Momentum 1 (fp32)

Momentum 2 (fp32)

4N bytes

4N bytes

4N bytes

4N bytes



Memory requirements

Inference in large models

• Without optimization 

• Model parameters: N 

• Weights: N floats 

• 4N bytes without counting activations 

• 8B parameter model (i.e. llama 3.1) 

• 32GB of memory for just weights

Weight (fp32)4N bytes

[1] https://en.wikipedia.org/wiki/List_of_Nvidia_graphics_processing_units#Data_Center_GPUs

https://en.wikipedia.org/wiki/List_of_Nvidia_graphics_processing_units#Data_Center_GPUs


Memory requirements

Inference in large models

• Without optimization 

• Model parameters: N 

• Weights: N bfloat16 

• 4N bytes without counting activations 

• 8B parameter model (i.e. llama 3.1) 

• 16GB of memory for just weights

Weight (bf16)2N bytes

Image credit: Wikipedia



float32

float32
Sign 1 bit

Exponent 8 bit

Mantissa 23 bit

Precision (relative) 1E-07

Max value 3E+38

Min value (normal) 1.7E-38

Precision (relative) =   

where  is smallest value 

x2 − x1

x1
x2 x2 > x1

S Exponent Fraction
(8 bits) (23 bits)

0 0 1 1 1 1 0 0 0 0 0 0 1 1 1 0 0 0 0 0 0 0 1 1 1 1 0 0 0 0 0 0

31 30 23 22 (bit index) 0



Bfloat16

Bfloat16
Sign 1 bit

Exponent 8 bit

Mantissa 7 bit

Precision (relative) 7.8E-03

Max value 3E+38

Min value (normal) 1.7E-38

S Exponent Fraction
(8 bits) (7 bits)

0 0 1 1 1 1 0 0 0 0 1 0 0 0 0 0

15 14 7 6 (bit index) 0



Can we go lower?

Float8
Sign 1 bit

Exponent 4 bit

Mantissa 3 bit

Precision (relative) 0.125

Max value 240

Min value (normal) 0.015625

S Exponent Fraction
(4 bits) (3 bits)

0 0 1 1 1 0 1 0

7 6 (bit index) 3 2 0

… 000 … 001 … 010 … 011 … 100 … 101 … 110 … 111

0 0000 … 0 0.001953125 0.00390625 0.005859375 0.0078125 0.009765625 0.01171875 0.013671875

0 0001 … 0.015625 0.017578125 0.01953125 0.021484375 0.0234375 0.025390625 0.02734375 0.029296875

0 0010 … 0.03125 0.03515625 0.0390625 0.04296875 0.046875 0.05078125 0.0546875 0.05859375

0 0011 … 0.0625 0.0703125 0.078125 0.0859375 0.09375 0.1015625 0.109375 0.1171875

0 0100 … 0.125 0.140625 0.15625 0.171875 0.1875 0.203125 0.21875 0.234375

0 0101 … 0.25 0.28125 0.3125 0.34375 0.375 0.40625 0.4375 0.46875

0 0110 … 0.5 0.5625 0.625 0.6875 0.75 0.8125 0.875 0.9375

0 0111 … 1 1.125 1.25 1.375 1.5 1.625 1.75 1.875

0 1000 … 2 2.25 2.5 2.75 3 3.25 3.5 3.75

0 1001 … 4 4.5 5 5.5 6 6.5 7 7.5

0 1010 … 8 9 10 11 12 13 14 15

0 1011 … 16 18 20 22 24 26 28 30

0 1100 … 32 36 40 44 48 52 56 60

0 1101 … 64 72 80 88 96 104 112 120

0 1110 … 128 144 160 176 192 208 224 240

0 1111 … Inf NaN NaN NaN NaN NaN NaN NaN



Can we go lower?

Float8
Sign 1 bit

Exponent 4 bit

Mantissa 3 bit

Precision (relative) 0.125

Max value 240

Min value (normal) 0.015625

S Exponent Fraction
(4 bits) (3 bits)

0 0 1 1 1 0 1 0

7 6 (bit index) 3 2 0

Llama 3.1 8b
Largest weight 3.21

Smallest weight -0.83

Largest gradient 5.09

Smallest gradient -4.41

Largest activation 227.42

Smallest activation -206.84

1E+00

1E+04

1E+08

-1 1

1E+00

1E+03

1E+06

-0.01 0.01

Weight



Can we go lower?

Float4
Sign 1 bit

Exponent 4 bit

Mantissa 3 bit

Precision (relative) 0.125

Max value 240

Min value (normal) 0.015625

S Exponent Frac.

(2 bits) (1 bit)

0 0 1 0

3 2 1 0

0 … 0 0 … 1 1 … 0 1 … 1

… 00 
… 0 0.5 0 -0.5

… 01 
… 1 1.5 -1 -1.5

… 10 
… 2 3 -2 -3

… 11 
… Inf NaN −Inf NaN



Can we go lower?

Float4
Sign 1 bit

Exponent 4 bit

Mantissa 3 bit

Precision (relative) 0.125

Max value 240

Min value (normal) 0.015625

S Exponent Frac.

(2 bits) (1 bit)

0 0 1 0

3 2 1 0

Llama 3.1 8b
Largest weight 3.21

Smallest weight -0.83

Largest gradient 5.09

Smallest gradient -4.41

Largest activation 227.42

Smallest activation -206.84

1E+00

1E+04

1E+08

-1 1

1E+00

1E+03

1E+06

-0.01 0.01

Weight



Integer scale quantization

• Find  

• For K-bit integer 

•  

for any K-bit signed integer  

•

T = max
i

|Wi |

Qi = argmin
q

Wi

T
(2K−1 − 1) − q

q

Qi = round ( Wi

T
(2K−1 − 1))



Integer scale quantization

• Quantization error 

•  

• Weights:  bytes

T
2K−1 − 1

NK
8

+ 2

Llama 3.1 8b
Largest weight 3.21

Smallest weight -0.83

Largest gradient 5.09

Smallest gradient -4.41

Largest activation 227.42

Smallest activation -206.84

1E+00

1E+04

1E+08

-1 1

1E+00

1E+03

1E+06

-0.01 0.01

Weight



Integer affine quantization

• Find  

• For K-bit integer 

•  

for any K-bit unsigned integer  

•

A = min
i

|Wi | , B = max
i

|Wi |

Qi = argmin
q

Wi − A
B − A

(2K − 1) − q

q

Qi = round ( Wi − A
B − A

(2K − 1))



Integer affine quantization

• Quantization error 

•  

• Weights:  bytes

B − A
2K − 1

NK
8

+ 4

Llama 3.1 8b
Largest weight 3.21

Smallest weight -0.83

Largest gradient 5.09

Smallest gradient -4.41

Largest activation 227.42

Smallest activation -206.84

1E+00

1E+04

1E+08

-1 1

1E+00

1E+03

1E+06

-0.01 0.01

Weight



Blockwise Quantization 

• Separate quantization constant  for a 
block of  weights 

• Scale:  bytes 

•  extra bits per parameters 

• Affine:  bytes 

•  extra bits per parameters

T, A, B
S

NK
8

+ 2
N
S

16
S

NK
8

+ 4
N
S

32
S

W

[1] Tim Dettmers, et al. 8-bit optimizers via block-wise quantization. 2022



Double Quantization

• Let’s quantize the quantization factors 
 

• Scale:  bytes 

•  extra bits per parameters 

• Affine:  bytes 

•  extra bits per parameters

T, A, B

NK
8

+
NK
8S

+ 2

K
S

NK
8

+
2NK
8S

+ 4

2K
S

W

[1] Tim Dettmers, et al. QLoRA: Efficient Finetuning of Quantized LLMs. 2023



Beyond Linear Quantization

• 8-Bit Approximations for Parallelism in 
Deep Learning : https://arxiv.org/abs/
1511.04561 

• SqueezeLLM: https://arxiv.org/abs/
2306.07629 

• Extreme Compression of Large Language 
Models via Additive Quantization: https://
arxiv.org/abs/2401.06118 

• PV-Tuning: https://arxiv.org/abs/
2405.14852

https://arxiv.org/abs/1511.04561
https://arxiv.org/abs/1511.04561
https://arxiv.org/abs/2306.07629
https://arxiv.org/abs/2306.07629
https://arxiv.org/abs/2401.06118
https://arxiv.org/abs/2401.06118
https://arxiv.org/abs/2405.14852
https://arxiv.org/abs/2405.14852
https://arxiv.org/abs/2405.14852


8-bit Adam

• Quantize 1st and 2nd momentum in 
Adam 

• 1st momentum: int8 

• 2nd momentum: uint8 

• Non-linear quantization 

• Requires “stable” embeddings for LLMs 

• 32-bit optimizer states, normalizations

Published as a conference paper at ICLR 2022
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Figure 1: Schematic of 8-bit optimizers via block-wise dynamic quantization, see Section 2 for more
details. After the optimizer update is performed in 32-bit, the state tensor is chunked into blocks,
normalized by the absolute maximum value of each block. Then dynamic quantization is performed,
and the index is stored. For dequantization, a lookup in the index is performed, with subsequent de-
normalization by multiplication with the block-wise absolute maximum value. Outliers are confined
to a single block through block-wise quantization, and their effect on normalization is limited.

and rare large ones. However, to be practical, 8-bit optimizers need to be fast enough to not slow
down training, which is especially difficult for non-linear methods that require more complex data
structures to maintain the quantization buckets. Finally, to maintain stability with huge models
beyond 1B parameters, a quantization method needs to not only have a good mean error but excellent
worse case performance since a single large quantization error can cause the entire training run to
diverge.

We introduce a new block-wise quantization approach that addresses all three of these challenges.
Block-wise quantization splits input tensors into blocks and performs quantization on each block in-
dependently. This block-wise division reduces the effect of outliers on the quantization process since
they are isolated to particular blocks, thereby improving stability and performance, especially for
large-scale models. Block-wise processing also allows for high optimizer throughput since each nor-
malization can be computed independently in each core. This contrasts with tensor-wide normaliza-
tion, which requires slow cross-core synchronization that is highly dependent on task-core schedul-
ing. We combine block-wise quantization with two novel methods for stable, high-performance 8-bit
optimizers: dynamic quantization and a stable embedding layer. Dynamic quantization is an exten-
sion of dynamic tree quantization for unsigned input data. The stable embedding layer is a variation
of a standard word embedding layer that supports more aggressive quantization by normalizing the
highly non-uniform distribution of inputs to avoid extreme gradient variation.

Our 8-bit optimizers maintain 32-bit performance at a fraction of the original memory footprint.
We show this for a broad range of tasks: 1.5B and 355M parameter language modeling, GLUE
finetuning, ImageNet classification, WMT’14+WMT’16 machine translation, MoCo v2 contrastive
image pretraining+finetuning, and RoBERTa pretraining. We also report additional ablations and
sensitivity analysis showing that all components – block-wise quantization, dynamic quantization,
and stable embedding layer – are crucial for these results and that 8-bit Adam can be used as a simple
drop-in replacement for 32-bit Adam, with no hyperparameter changes. We open-source our custom
CUDA kernels and provide a PyTorch implementation that enables 8-bit optimization by changing
two lines of code.

1 BACKGROUND

1.1 STATEFUL OPTIMIZERS

An optimizer updates the parameters w of a neural network by using the gradient of the loss with
respect to the weight gt = @L

@w at update iteration t. Stateful optimizers compute statistics of the
gradient with respect to each parameter over time for accelerated optimization. Two of the most

2

[1] Tim Dettmers, et al. 8-bit optimizers via block-wise quantization. 2022



How to train with quantized weights?

Stochastic rounding

• Deterministic rounding

 

• Works only if update is largest than 
quantization 

• Stochastic rounding

Qi = round ( Wi

T
(2K−1 − 1))

Qi = sround ( Wi

T
(2K−1 − 1))

sround (x) = {⌊x⌋ + 1 with p ≤ x − ⌊x⌋
⌊x⌋ otherwise

E[sround (x)] = x

E[round (x)] = round (x)

[1] Hao Li, et al. Training Quantized Nets: A Deeper Understanding. 2017



How low can we go?

• GPT-style LLM can store about 2 bits of 
information per parameter 

• Under ideal conditions 

• 4 bits in practice 

• Only after training!

[1] Zeyuan Allen-Zhu, et al. Physics of Language Models: Part 3.3, Knowledge Capacity Scaling Laws. 2024

Llama 3.1 Perplexity vs. Context Length

Pe
rp

le
xi

ty

3

4.5

6

7.5

9

Context Length x 1000 (tokens)

0 32 64 96 128

3 bit (26.6 GB) 4 bit (34.6 GB)
6 bit (50.7GB) 16 bit (131GB)



Memory requirements

Training large models

• Without optimization: 

• Model parameters: N 

• Weights: N floats 

• Gradients: N floats 

• Momentum: N floats 

• 2nd momentum (ADAM): N floats 

• 16N bytes without counting activations

Weight (fp32)

Gradient (fp32)

Momentum 1 (fp32)

Momentum 2 (fp32)

4N bytes

4N bytes

4N bytes

4N bytes



Memory requirements

Training large models

• Quantization: 

• Model parameters: N 

• Weights: N floats/bfloat16 

• Gradients: N floats/bfloat16 

• Momentum: N uint8 

• 2nd momentum (ADAM): N uint8 

• 6N bytes without counting activations

Weight (bf16)

Gradient (bf16)

Momentum 1 (int8)
Momentum 2 (int8)

2N bytes

2N bytes

N bytes
N bytes



Memory requirements

Inference in large models

• Quantization: 

• Model parameters: N 

• Weights: N int4/int8 

• N bytes without counting activations
1
2

Weight (int4)N bytes
1
2
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