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A Visual Guide to Quantization

As their name suggests, Large Language Models (LLMs) are often too large to run on
consumer hardware. These models may exceed billions of parameters and generally need
GPUs with large amounts of VRAM to speed up inference.

As such, more and more research has been focused on making these models smaller through

improved training, adapters, etc. One major technique in this field is called quantization.

INvT4§0 o oo

In this post, I will introduce the field of quantization in the context of language modeling and
explore concepts one by one to develop an intuition about the field. We will explore various
methodologies, use cases, and the principles behind quantization.
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As a visual guide, expect many visualizations to develop an intuition about quantization!

Part 1;: The “Problem* with LLMs

LLMs get their name due to the number of parameters they contain. Nowadays, these models

typically have billions of parameters (mostly weights ) which can be quite expensive to store.

During inference, activations are created as a product of the input and the weights, which
similarly can be quite large.
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activations
input %

weights

As a result, we would like to represent billions of values as efficiently as possible, minimizing

the amount of space we need to store a given value.

Let’s start from the beginning and explore how numerical values are represented in the first

place before optimizing them.

How to Represent Numerical Values

A given value is often represented as a floating point number (or floats in computer science): a
positive or negative number with a decimal point.

These values are represented by “ bits ”, or binary digits. The IEEE-754 standard describes how
bits can represent one of three functions to represent the value: the sign , exponent , or
fraction ( or mantissa ).

Float 16-bit (FP16)

(s) (eJESEESE) (FIFIFIFIFIFIFLFLELF)

Sign Exponent Significand / Mantissa
(1 bit) (5 bits) (10 bits) 1 blt

Together, these three aspects can be used to calculate a value given a certain set of bit values:
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Float 16-bit (FP16)

Slgn Exponent Slgnlflce(md [ Mantissa

(1 bit) 5 bits) 10 bits)

© @ 0000000000
22222 R A oo
exp = 2'= 16 fraction=2" + 2% + 27 = 5703125

bias=2 ~1=2 -1=15
exp-bias=16-15="1

|
ﬂ N
0 1 0
-1 x 2 X (2 +.5703125) = EREXFI

The more bits we use to represent a value, the more precise it generally is:

Float 32-bit (FP32)
m0100000000K000E0000000080000000000

(-1)° x 2" x 15707964 - ERPALL VY2 IPLYAY)

higher precision

Float 16-bit (FP16)

p81000C00060060000

0

(-1)° x 2' x 1.5703125 -

lower precision

original value
- 31415927

Memory Constraints

The more bits we have available, the larger the range of values that can be represented.
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Original 75505.0 1.8e-42

The interval of representable numbers a given representation can take is called the dynamic
range whereas the distance between two neighboring values is called precision.

precision
(dist bet
_3 4938 two Llseiagnhcbeo_riﬁngeaelges) 3 4938
. 0 .
FP32 minl ®-0 | 7 Imax
L same :
: low distance = high precision dynamgc range
BF16 min l | : Imax
high distarl_t_:f__:__l_(_)_v‘v precision
FP16 minl ® o—] IImax
2 ]
-65504 65504
INTS min| | | max
127 0 127
L]

dynamic range
(interval of representable numbers)

A nifty feature of these bits is that we can calculate how much memory your device needs to
store a given value. Since there are 8 bits in a byte of memory, we can create a basic formula
for most forms of floating point representation.
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memory = _nl’_bltS X Nr_params

8

NOTE : In practice, more things relate to the amount of (V)RAM you need during inference,
like the context size and architecture.

Now let’s assume that we have a model with 70 billion parameters. Most models are natively
represented with float 32-bit (often called full-precision ), which would require 280GB of
memory just to load the model.

%“x 70B ~ 560 GB

()
'
S,
~r
7y
I

32-bits = %x 70B ~ 280 GB

16-bits - %xmsx 140 GB

As such, it is very compelling to minimize the number of bits to represent the parameters of
your model (as well as during training!). However, as the precision decreases the accuracy of
the models generally does as well.

We want to reduce the number of bits representing values while maintaining accuracy... This
is where quantization comes in!

Part 2: Introduction to Quantization

Quantization aims to reduce the precision of a model’s parameter from higher bit-widths (like
32-bit floating point) to lower bit-widths (like 8-bit integers).
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original

/Weight

higher granularity

jowergranularity 0 @ D@ OB OB O8O0 8 O

\

quantized
weight

There is often some loss of precision (granularity) when reducing the number of bits to
represent the original parameters.

To illustrate this effect, we can take any image and use only 8 colors to represent it:

Original Image

“Quantized” Image

Image adapted from the original by Slava Sidorov.

Notice how the zoomed-in part seems more “grainy” than the original since we can use fewer
colors to represent it.

The main goal of quantization is to reduce the number of bits (colors) needed to represent the
original parameters while preserving the precision of the original parameters as best as

possible.
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Common Data Types

First, let’s look at common data types and the impact of using them rather than 32-bit (called

full-precision or FP32 ) representations.
FP16

Let’s look at an example of going from 32-bit to 16-bit (called half precision or FP16 ) floating

point:
Sign  Exponent Significand / Mantissa
(1 bit) (8 bits) (23 bits)
1x7A01000000001000000800600000000600000
_3.4638 38
_'| 0 3.1415927410125732 |
min 1 [ ] |max

S .
minl [} Imax
65504 SHORSE  Eooed

FP16 @ (1]0)o[1(0lo1)ololo]

(1 bit)

(10 bits)

Notice how the range of values FP16 can take is quite a bit smaller than FP32.

BF16

To get a similar range of values as the original FP32, bfloat 16 was introduced as a type of

“truncated FP32":
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Sign
(1 bit)

Exponent
(8 bits)

1Z2r010000000601000008800600800000008000
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Significand / Mantissa

(23 bits)

-3.4¢8 0 3.4¢%
e ; 3.1415927410125732 i
min | ! o |max
v v
minl } (] }max
-3.4638 0 3140625 3.4838
BF16 (o] (1)ofolofolofolo) (1Jelolafofelo

in-fl 1
(brain-float 6) 1bit) (8 bits)

BF16 uses the same amount of bits as FP16 but can take a wider range of values and is often

used in deep learning applications.

INT8

When we reduce the number of bits even further, we approach the realm of integer-based
representations rather than floating-point representations. To illustrate, going FP32 to INTS,

(7 bits)

which has only 8 bits, results in a fourth of the original number of bits:
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Sign  Exponent Significand / Mantissa
(1 bit) (8 bits) (23 bits)
Lx=FAI00000000J08000000000000000600000
-3.4¢€%® 0 38
N ) 31415927410125732 |
min l‘ I [ ) 'Imax
minl : o Imax
127 R
(signed) INT8 (0) (1]oJoJ1(o)0)o]
(1 bit) (7 bits)

Depending on the hardware, integer-based calculations might be faster than floating-point
calculations but this isn't always the case. However, computations are generally faster when

using fewer bits.

For each reduction in bits, a mapping is performed to “squeeze” the initial FP32

representations into lower bits.

In practice, we do not need to map the entire FP32 range [-3.4e38, 3.4e38] into INT8. We

merely need to find a way to map the range of our data (the model's parameters) into IN8.

Common squeezing /mapping methods are symmetric and asymmetric quantization and are

forms of linear mapping.

Let’s explore these methods to quantize from FP32 to INTS.

Symmetric Quantization

In symmetric quantization, the range of the original floating-point values is mapped to a
symmetric range around zero in the quantized space. In the previous examples, notice how

the ranges before and after quantization remain centered around zero.

This means that the quantized value for zero in the floating-point space is exactly zero in the

quantized space.
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centered
............................................................ |
0
min I : Imax
“A ‘4
min I } Imax
0

0inFP32 =0in INT8

A nice example of a form of symmetric quantization is called absolute maximum ( absmax )
quantization.

Given a list of values, we take the highest absolute value ( a ) as the range to perform the linear

mapping.
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highest absolute
Value (o)

5.47 -7.59 -4.5
. CDDOEmE ..
-759  -457 -195 0 3.08 547 I/

o——o o—é o—eo -® max
", N

T .

min I—.—.—.—’—.-.—. max
0 1

-127 127

DS -
INT8 can take
0inFP32 = 0 in INT8

Note the [-127, 127] range of values represents the restricted range. The unrestricted range is
[-128, 127] and depends on the quantization method.

Since it is a linear mapping centered around zero, the formula is straightforward.
We first calculate a scale factor ( _ s_ ) using:

e _ b_ is the number of bytes that we want to quantize to (8),

e a _ ****{sthe _highest absolute value,

Then, we use the s to quantize the input x :

2”1

S = = (scale factor)

a

X = round(S « X ) (quantization)

quantized —
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Filling in the values would then give us the following:

S = 12—7 =11.76 (scale factor)

10.8

X = round(']’],76 . lllll) (quantization)

quantized

To retrieve the original FP32 values, we can use the previously calculated scaling factor (_s)
to _dequantize the quantized values.

(] [ e e = .
Xdequantized = s (dequantize)

Applying the quantization and then dequantization process to retrieve the original looks as
follows:

FP32 INT8 FP32

ﬂ

‘I:lllﬁ:lll:l EI:IEI:’I!HH
quantize dequantize
LNy ——> —_—
IHiIIEEI\ IIII!!:’

You can see certain values, such as 3.08 and 3.02 being assigned to the INT8, namely 36. When
you dequantize the values to return to FP32, they lose some precision and are not

distinguishable anymore.

This is often referred to as the quantization error which we can calculate by finding the
difference between the original and dequantized values.
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FP32 FP32 Quantization
(original) (dequantized

IHH!I!:’IH%! EII!EI:I

error

S—

Generally, the lower the number of bits, the more quantization error we tend to have.

Asymmetric Quantization

Asymmetric quantization, in contrast, is not symmetric around zero. Instead, it maps the
minimum ( ) and maximum ( a ) values from the float range to the minimum and maximum
values of the quantized range.

The method we are going to explore is called zero-point quantization.

lowest value B) highest value

5.47 -7.59 -4.5
Iﬁlﬂﬁlm
-4.57 -1.95 0 3.08 5.47 I/

min + 0 s & o—eo -® max
B : -
m|n+—o—o—.-|—o—o +'Hﬂax
128 0 127
53 | 20 |-128] 23 | 50 a0 [ 127
|
0in FP32 1= 0in INT8
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Notice how the 0 has shifted positions? That's why it’s called asymmetric quantization. The
min/max values have different distances to 0 in the range [-7.59, 10.8].

Due to its shifted position, we have to calculate the zero-point for the INT8 range to perform
the linear mapping. As before, we also have to calculate a scale factor ( _ s_ ) but use the
difference of INT8's range instead [-128, 127]

128 - -127
-

(scale factor)

b-1
Z = round (—S B ) -2 (zeropoint)

Xquantized = round (S - X+ Z) (quantization)

Notice how this is a bit more involved due to the need to calculate the zeropoint ( _ z_ ) in the
INT8 range to shift the weights.

As before, let’s fill in the formula:

S = 253 =13.86 (scale factor)

--7.99

va =round(—13.86- —7.59)-128: 23 (zeropoint)

X

svaniizeq =round( 13.86 - mmmmm+ 23] (quantzation

To dequantize the quantized from INT8 back to FP32, we will need to use the previously
calculated scale factor ( _ s ) and _zeropoint ( _z_ ).
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Other than that, dequantization is straightforward:

X EEEEEEN - 7 _
dequantized = (dequantize)

S

When we put symmetric and asymmetric quantization side-by-side, we can quickly see the
difference between methods:

lowest value () highest value (o)
5.47[3.08|-759| 0 |-195]-4.57108
Symmetric Asymmetric
[-10.8, 10.8] [-7.59, 10.8]
i : Ph i
® ® ® ° ® ®
| : ;;.-‘I | ! l
) : | T |
min ? [ ) ? max min @ o— ® Max

0 0
EEREE o EES IR - [

Note the zero-centered nature of symmetric quantization versus the offset of asymmetric

quantization.

Range Mapping and Clipping

In our previous examples, we explored how the range of values in a given vector could be
mapped to a lower-bit representation. Although this allows for the full range of vector values
to be mapped, it comes with a major downside, namely outliers.

Imagine that you have a vector with the following values:
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FP32 outllier

Note how one value is much larger than all others and could be considered an outlier. If we
were to map the full range of this vector, all small values would get mapped to the same
lower-bit representation and lose their differentiating factor:

-.59

. 57
] 256

. |
min I @ Mmax

“w

outlier

min | ?"fhax

=127 127

|

outlier

This is the absmax method we used earlier. Note that the same behavior happens with
asymmetric quantization if we do not apply clipping.

Instead, we can choose to clip certain values. Clipping involves setting a different dynamic
range of the original values such that all outliers get the same value.

In the example below, if we were to manually set the dynamic range to [-5, 5] all values
outside that will either be mapped to -127 or to 127 regardless of their value:
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clipped values _I

clipped

min |—o-o-o-{o-o-o—? max

0

-127 127

The major advantage is that the quantization error of the non-outliers is reduced significantly.

However, the quantization error of outliers increases.

Calibration

In the example, I showed a naive method of choosing an arbitrary range of [-5, 5]. The process
of selecting this range is known as calibration which aims to find a range that includes as

many values as possible while minimizing the quantization error.
Performing this calibration step is not equal for all types of parameters.
Weights (and Biases)

We can view the weights and biases of an LLM as static values since they are known before
running the model. For instance, the ~20GB file of Llama 3 consists mostly of its weight and
biases.

static values

[ |
weight bias

=w < +Db

Since there are significantly fewer biases (millions) than weights (billions), the biases are often
kept in higher precision (such as INT16), and the main effort of quantization is put towards the
weights.
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For weights, which are static and known, calibration techniques for choosing the range
include:

e Manually chosing a percentile of the input range
e Optimize the mean squared error (MSE) between the original and quantized weights.

e Minimizing entropy (KL-divergence) between the original and quantized values

outlier

ORIGINAL

high error

394 70| 2.04] 095

»-- low error
INT8
percentile range)

Choosing a percentile, for instance, would lead to similar clipping behavior as we have seen

INTS error

(quantization using
min/max range)

before.
Activations

The input that is continuously updated throughout the LLM is typically referred to as “
activations "

dynamic values
(“activations”)
[ |
output input

¥

Note that these values are called activations since they often go through some activation

function, like sigmoid or relu.
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Unlike weights, activations vary with each input data fed into the model during inference,

making it challenging to quantize them accurately.

Since these values are updated after each hidden layer, we only know what they will be during

inference as the input data passes through the model.

activations :
continously updated :

Broadly, there are two methods for calibrating the quantization method of the weights and

activations:

e Post-Training Quantization (PTQ)
¢ Quantization after training
¢ Quantization Aware Training (QAT)

e Quantization during training/fine-tuning

Part 3: Post-Training Quantization

One of the most popular quantization techniques is post-training quantization (PTQ). It
involves quantizing a model’s parameters (both weights and activations) after training the

model.

Quantization of the weights is performed using either symmetric or asymmetric quantization.
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Quantization of the activations , however, requires inference of the model to get their

potential distribution since we do not know their range.

There are two forms of quantization of the activations:

¢ Dynamic Quantization

e Static Quantization

Dynamic Quantization

After data passes a hidden layer, its activations are collected:

X,

This distribution of activations is then used to calculate the zeropoint ( _ z ) and _scale factor (
s ) values needed to quantize the output:

https://www.maartengrootendorst.com/blog/quantization/
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collect
statistics
= &= s 2 = s
| ‘:round(z. +Z> = ... | | = ...
quant o g VL quan\*
quantize | __ _ - -
‘ :round(g. +Z> qu@:_ q"ﬁn\t_
quiant — = s
_Quant . i quant

The process is repeated each time data passes through a new layer. Therefore, each layer has
its own separate z and s values and therefore different quantization schemes.

Static Quantization

In contrast to dynamic quantization, static quantization does not calculate the zeropoint ( _ z)
and scale factor ( _ s ) during inference but beforehand.

To find those values, a calibration dataset is used and given to the model to collect these
potential distributions.
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calibration
dataset

)

B

LLM —

255
-~ a-B

7= round(— .B)_128

After these values have been collected, we can calculate the necessary s and z values to
perform quantization during inference.

When you are performing actual inference, the s and z values are not recalculated but are
used globally over all activations to quantize them.

In general, dynamic quantization tends to be a bit more accurate since it only attempts to
calculate the s and z values per hidden layer. However, it might increase compute time as
these values need to be calculated.

In contrast, static quantization is less accurate but is faster as it already knows the s and z
values used for quantization.

The Realm of 4-bit Quantization

Going below 8-bit quantization has proved to be a difficult task as the quantization error
increases with each loss of bit. Fortunately, there are several smart ways to reduce the bits to
6, 4, and even 2-bits (although going lower than 4-bits using these methods is typically not
advised).

We will explore two methods that are commonly shared on HuggingFace:

e GPTQ (full model on GPU)

e GGUF (potentially offload layers on the CPU)
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GPTQ

GPTQ is arguably one of the most well-known methods used in practice for quantization to 4-
bits.1

It uses asymmetric quantization and does so layer by layer such that each layer is processed
independently before continuing to the next:

layer-wise layer-wise layer-wise
Iquantization quantization quantizationI

each layer processed independently in sequence

During this layer-wise quantization process, it first converts the layer’s weights into the
inverse- Hessian. It is a second-order derivative of the model’s loss function and tells us how

sensitive the model's output is to changes in each weight.
Simplified, it essentially demonstrates the ( inverse ) importance of each weight in a layer.

Weights associated with smaller values in the Hessian matrix are more crucial because small
changes in these weights can lead to significant changes in the model's performance.
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Inverse Hessian
(inverse sensitivity)

In the inverse-Hessian, lower values indicate more “important” weights.

Next, we quantize and then dequantize the weight of the first row in our weight matrix:

FP32 INT4 FP32

zero-point dequantize
quantization > N .297

£y ’
A} ’
* ,
. ’
. s

This process allows us to calculate the quantization error ( _ q ) which we can weigh using the
inverse-Hessian ( _ h_1) that we calculated beforehand.

Essentially, we are creating a weighted-quantization error based on the importance of the
weight:
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X 17 X 1 (hessian-weighted
h quantization error)

O
I

Next, we redistribute this weighted quantization error over the other weights in the row. This
allows for maintaining the overall function and output of the network.

For example, if we were to do this for the second weight, namely .3 ( _ x_2 ), we would add the

quantization error ( _ q ) multiplied by the inverse-Hessian of the second weight (_h_ _2)

X2= X2 + q . h2 (update weight)

x,= [+ .203 - [}

We can do the same process over the third weight in the given row:

Original weights Updated weights

redistribute
hessian-weighted (h)
-nn r—— nnn

We iterate over this process of redistributing the weighted quantization error until all values

are quantized.

This works so well because weights are typically related to one another. So when one weight
has a quantization error, related weights are updated accordingly (through the inverse-
Hessian).
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NOTE : The authors used several tricks to speed up computation and improve performance,
such as adding a dampening factor to the Hessian, “lazy batching”, and precomputing
information using the Cholesky method. I would highly advise checking out this YouTube
video on the subject.

TIP : Check out EXL2 if you want a quantization method aimed at performance
optimizations and improving inference speed.

GGUF

While GPTQ is a great quantization method to run your full LLM on a GPU, you might not
always have that capacity. Instead, we can use GGUF to offload any layer of the LLM to the
CPU. 2

This allows you to use both the CPU and GPU when you do not have enough VRAM.

The quantization method GGUF is updated frequently and might depend on the level of bit
quantization. However, the general principle is as follows.

First, the weights of a given layer are split into “super” blocks each containing a set of “sub”
blocks. From these blocks, we extract the scale factor ( _s ) and alpha ( _ a):

weights s/super block

.“S
"sub block

To quantize a given “sub” block, we can use the absmax quantization we used before.
Remember that it multiplies a given weight by the scale factor (_s_):
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Xquantized =S--X (absmax quantization)

The scale factor is calculated using the information from the “sub” block but is quantized
using the information from the “super” block which has its own scale factor:

X

quantized - sub X (absmax quantization)

quantized using

super

This block-wise quantization uses the scale factor ( s_super ) from the “super” block to
quantize the scale factor ( s_sub ) from the “sub” block.

The quantization level of each scale factor might differ with the “super” block generally having
a higher precision than the scale factor of the “sub” block.

To illustrate, let’s explore a couple of quantization levels (2-bit, 4-bit, and 6-bit):

Name Weight Scale () Scale (s) Bits per # Sub Weights
quant quant quant weight blocks per
(“super”) (“sub”) o, block
Q2_K 2 bits 4 bits 2 bits 2.5625 16 16
Q4_K 4 bits 6 bits 4 bits 4.5 8 32
Q6_K 6 bits 8 bits 6 bits 6.5625 16 16

NOTE : Depending on the quantization type, an additional minimum value ( _ m ) is needed to
adjust the zero-point. These are quantized the same as the scale factor ( _s).

Check out the original pull request for an overview of all quantization levels. Also, see this pull
request for more information on quantization using importance matrices.

Part 4: Quantization Aware Training

In Part 3, we saw how we could quantize a model after training. A downside to this approach
is that this quantization does not consider the actual training process.
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This is where Quantization Aware Training (QAT) comes in. Instead of quantizing a model after
it was trained with post-training quantization (PTQ), QAT aims to learn the quantization
procedure during training.

Learn quantization parameters (S, o, B, 2)
during backward pass

QAT tends to be more accurate than PTQ since the quantization was already considered
during training. It works as follows:

During training, so-called “ fake ” quants are introduced. This is the process of first quantizing
the weights to, for example, INT4 and then dequantizing back to FP32:

input output input
(FP32) (FP32) (INT4) (FP32)

@ @- quantize - -@ - dequantize - - @)
| |

“fake” quants

Layer 1 Layer 2

This process allows the model to consider the quantization process during training, the
calculation of loss, and weight updates.

QAT attempts to explore the loss landscape for “ wide ” minima to minimize the quantization

errors as “ narrow ” minima tend to result in larger quantization errors.
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8 _
: “narrow” minima
1 INT4Yg
loss : : :
I\ o
INT2 /
. FP32 H
! " “wide” minima
‘ FP32
-1 0 _ 1 2
weight

For example, imagine if we did not consider quantization during the backward pass. We
choose the weight with the smallest loss according to gradient descent. However, that would

introduce a larger quantization error if it's in a “ narrow ” minima.

In contrast, if we consider quantization, a different updated weight will be selected in a “ wide

" minima with a much lower quantization error.

8 Quantization Post-Training
|| Aware Training Quantization
' (QAT) (PTQ)
] INT4 . larger
IOSS [ quant error
smaller
_ «Egery?
[ ) : :
INT4: : :
i FP32 higher
1. loss FP.32
-1 0 1 2
weight

As such, although PTQ has a lower loss in high precision (e.g., FP32), QAT results in a lower

loss in lower precision (e.g., INT4) which is what we aim for.
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The Era of 1-bit LLMs: BitNet

Going to 4-bits as we saw before is already quite small but what if we were to reduce it even
further?

This is where BitNet comes in, representing the weights of a model single 1-bit, using either -1
or 1 for a given weight.3

It does so by injecting the quantization process directly into the Transformer architecture.

Remember that the Transformer architecture is used as the foundation of most LLMs and is
composed of computations that involve linear layers:

— t.... ransformer

i »(Add & Norm ) |
B | E

GELU Feed-Forward f

I Network

. /“—A ( Conlcat )

! »(Add & Norm ) /2
z I 5

Multi-Head Attention
Attention ot Kt vh
— IEED

......................................... _
L 4

= FP16

These linear layers are generally represented with higher precision, like FP16, and are where
most of the weights reside.

BitNet replaces these linear layers with something they call the BitLlinear :
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5 5 BitNet
4 I s S - OINe
BitLinear —> :
H 1 :
GELU Feed-Forward :
Network 4
BitLi ;
/ ‘—T BitLinear
: I
Multi-Head | Attention
Attention | : QT KT VT

BitLinear || BitLinear

1t ¢
A BitLinear layer works the same as a regular linear layer and calculates the output based on

the weights multiplied by the activation.

In contrast, a BitLinear layer represents the weights of a model using 1-bit and activations
using INTS:

activations
(INT8)

I
weights

(1-bit)

A BitLinear layer, like Quantization-Aware Training (QAT) performs a form of “fake”
quantization during training to analyze the effect of quantization of the weights and
activations:
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output
(Y, FP16)
4 BitLinear
, .
... B
—> Dequantization ﬁ
v (NT8)] N BitLinear
w(1-bit) [l
E Ne—— mm

GELU

|
X (INT8) Weights
. (w, INT8) -
. Quantization BitLinear

(absmax)

[ Layer Normalization ]

input
(X, FP16)

NOTE : In the paper they used y instead of a but since we used a throughout our examples,
I'm using that. Also, note that B is not the same as we used in zero-point quantization but the

average absolute value.
Let’s go through the BitLinear step-by-step.
Weight Quantization

While training, the weights are stored in INT8 and then quantized to 1-bit using a basic

strategy, called the signum function.

In essence, it moves the distribution of weights to be centered around 0 and then assigns
everything left to O to be -1 and everything to the right to be 1:
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quantized to quantized to mean
average i -
absolute value 1 1 a original
. ‘ weights i
| (INT8)
-
~_ w(-bit) _H_H
B HTE
Weights . updated weights (1-bit)
(w, INT8)
W = Slgn(w - C() (quantization)

Additionally, it tracks a value B ( average absolute value ) that we will use later on for
dequantization.

Activation Quantization

To quantize the activations, BitLinear makes use of absmax quantization to convert the
activations from FP16 to INTS8 as they need to be in higher precision for the matrix
multiplication (*).

—

highest X scale to range [0, 2b4]
absolute (INT8)
value
b-1
Quantization _ 2 - .
| ¥ =round (— «X - min(X) (quantization)
(absmax)

| Layer Normalization |
I

X

(FP16)

Additionally, it tracks a ( highest absolute value ) that we will use later on for dequantization.

Dequantization

We tracked a ( highest absolute value of activations ) and B ( average absolute value of weights )
as those values will help us dequantize the activations back to FP16.
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The output activations are rescaled with { a, y} to dequantize them to the original precision:

output
(Y, FP16) - i (dequantize)
4 Y=Y o
2
Dequantization
Y (INTS)T

And that’s it! This procedure is relatively straightforward and allows models to be represented

with only two values, either -1 or 1.

Using this procedure, the authors observed that as the model size grows, the smaller the
performance gap between a 1-bit and FP16-trained becomes.

However, this is only for larger models (>30B parameters) and the gab with smaller models is
still quite large.

All Large Language Models are in 1.58 Bits

BitNet 1.58b was introduced to improve upon the scaling issue previously mentioned.4

In this new method, every single weight of the is not just -1 or 1, but can now also take 0 as a
value, making it ternary. Interestingly, adding just the 0 greatly improves upon BitNet and
allows for much faster computation.

The Power of 0
So why is adding 0 such a major improvement?
It has everything to do with matrix multiplication!

First, let’s explore how matrix multiplication in general works. When calculating the output,
we multiply a weight matrix by an input vector. Below, the first multiplication of the first layer
of a weight matrix is visualized:
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= 5.4X,+ 3.0X, +-7.5X,
L |

multiplicaton
and addition

Note that this multiplication involves two actions, multiplying individual weights with the
input and then adding them all together.

BitNet 1.58b, in contrast, manages to forego the act of multiplication since ternary weights

essentially tell you the following:

e 1:I want to add this value
e 0:1do not want this value

e -1: [ want to subtract this value

As a result, you only need to perform addition if your weights are quantized to 1.58 bit:

Weights Input
(w, 1.58-bit) (X, INT8)

= 1X,+0X, +-1X, =X,-X,
L | L |

multiplication addition
and addition only
(much faster!)

Not only can this speed up computation significantly, but it also allows for feature filtering.

By setting a given weight to 0 you can now ignore it instead of either adding or subtracting
the weights as is the case with 1-bit representations.

Quantization
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To perform weight quantization BitNet 1.58b uses absmean quantization which is a variation of

the absmax quantization that we saw before.

It simply compresses the distribution of weights and uses the absolute mean ( ) to quantize

values. They are then rounded to either -1, 0, or 1:

(absolute)

mean

o

quantized to

original a0
| weights
w B [ (FP8)
.58-0it) M
—an

e

, o Compress T
Weights . distribution
(w, FP8)
w (absmean
W= round(T) quantization) |

Compared to BitNet the activation quantization is the same except for one thing. Instead of
scaling the activations to range [ 0, 2b! ], they are now scaled to
[ =201, 2b1] instead using absmax quantization.

And that’s it! 1.58-bit quantization required (mostly) two tricks:

e Adding O to create ternary representations [-1, 0, 1]

e absmean quantization for weights

As a result, we get lightweight models due to having only 1.58 computationally efficient bits!

Additional Resources

Hopefully, this was an accessible introduction to quantization! If you want to go deeper, I

would suggest the following resources:

e A HuggingFace blog about the LLM.int8() quantization method: you can find the paper

here.

e Another great HuggingFace blog about quantization for embeddings.

EX2013 Page 37

https://www.maartengrootendorst.com/blog/quantization/ 37/40


https://substackcdn.com/image/fetch/f_auto,q_auto:good,fl_progressive:steep/https%3A%2F%2Fsubstack-post-media.s3.amazonaws.com%2Fpublic%2Fimages%2Facda9425-8b3d-47fe-92de-16c33e57613b_1108x512.png
https://substackcdn.com/image/fetch/f_auto,q_auto:good,fl_progressive:steep/https%3A%2F%2Fsubstack-post-media.s3.amazonaws.com%2Fpublic%2Fimages%2Facda9425-8b3d-47fe-92de-16c33e57613b_1108x512.png
https://huggingface.co/blog/hf-bitsandbytes-integration
https://arxiv.org/pdf/2208.07339
https://huggingface.co/blog/embedding-quantization
https://huggingface.co/blog/embedding-quantization

1/5/26, 9:52 AM A Visual Guide to Quantization - Maarten Grootendorst

e Ablog about Transformer Math 101, describing the basic math related to computation and

memory usage for transformers.
e This and this are two nice resources to calculate the ( V)RAM you need for a given model.

e If you want to know more about QLoRA5, a quantization technique for fine-tuning, it is

covered extensively in my upcoming book: Hands-On Large Language Models.

e A truly amazing YouTube video about GPTQ explained incredibly intuitively.

Thank you for reading!

This concludes our journey in quantization! Hopefully, this post gives you a better
understanding of the potential of quantization, GPTQ, GGUF, and BitNet. Who knows how
small the models will be in the future?!

To see more visualizations related to LLMs and to support this newsletter, check out the book
[ wrote with Jay Alammar.
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OREILLY"

Hands-On
Large Language
Models Y

Language Understanding
and Generation

Jay Alammar &
Maarten Grootendorst

You can view the book on the O'Reilly website or order the book on Amazon. All code is
uploaded to Github.
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