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Floating point numbers
• Binary64 or double-precision (FP64) gives 15 to 17 significant digits of decimal 

precision

• In deep learning, we may not need all this precision

• Binary32 (single-precision, FP32) or binary16 (half-precision, FP16, BF16) might be sufficient
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Quantization

• Map weights/activations/other states from higher to lower precision

• FP32 to FP16, FP16 to FP8, …

• Why quantize?

• Save memory

• Potentially faster computation

• When not to quantize

• Accuracy suffers

• Performance suffers (if not supported in hardware natively) 
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Native hardware support

• FP16: NVIDIA Volta (V100)

• FP8: NVIDIA Hopper (H100, H200)

• FP4 GEMM: NVIDIA Blackwell (B100, GB200)
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https://docs.nvidia.com/deeplearning/tensorrt-rtx/latest/getting-started/support-matrix-1/1.4.html
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Types of quantization

• Post-training quantization

• Quantize the weights of a pre-trained model

• Simple and effective

• Quantization-aware training

• More training complexity and potentially computation costs
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Layer-wise quantization

• Goal: find a matrix of quantized weights that minimizes the squared error compared 
to full precision

• Optimal Brain Quantization (OBQ): write equation above as sum of the quantized 
errors over each row of  W

• Quantize one weight at a time while updating all not-yet-quantized weights
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trained model using modest resources, typically a few thousand data samples and a few hours of
computation. Post-training approaches are particularly interesting for massive models, for which
full model training or even finetuning can be expensive. We focus on this scenario here.

Post-training Quantization. Most post-training methods have focused on vision models. Usually,
accurate methods operate by quantizing either individual layers, or small blocks of consecutive
layers. (See Section 3 for more details.) The AdaRound method (Nagel et al., 2020) computes a
data-dependent rounding by annealing a penalty term, which encourages weights to move towards
grid points corresponding to quantization levels. BitSplit (Wang et al., 2020) constructs quantized
values bit-by-bit using a squared error objective on the residual error, while AdaQuant (Hubara et al.,
2021) performs direct optimization based on straight-through estimates. BRECQ (Li et al., 2021)
introduces Fisher information into the objective, and optimizes layers within a single residual block
jointly. Finally, Optimal Brain Quantization (OBQ) (Frantar et al., 2022) generalizes the classic
Optimal Brain Surgeon (OBS) second-order weight pruning framework (Hassibi et al., 1993; Singh
& Alistarh, 2020; Frantar et al., 2021) to apply to quantization. OBQ quantizes weights one-by-one,
in order of quantization error, always adjusting the remaining weights. While these approaches can
produce good results for models up to ⇡ 100 million parameters in a few GPU hours, scaling them
to networks orders of magnitude larger is challenging.

Large-model Quantization. With the recent open-source releases of language models like
BLOOM (Laurençon et al., 2022) or OPT-175B (Zhang et al., 2022), researchers have started to
develop affordable methods for compressing such giant networks for inference. While all exist-
ing works—ZeroQuant (Yao et al., 2022), LLM.int8() (Dettmers et al., 2022), and nuQmm (Park
et al., 2022)— carefully select quantization granularity, e.g., vector-wise, they ultimately just round
weights to the nearest (RTN) quantization level, in order to maintain acceptable runtimes for very
large models. ZeroQuant further proposes layer-wise knowledge distillation, similar to AdaQuant,
but the largest model it can apply this approach to has only 1.3 billion parameters. At this scale,
ZeroQuant already takes ⇡ 3 hours of compute; GPTQ quantizes models 100⇥ larger in ⇡ 4 hours.
LLM.int8() observes that activation outliers in a few feature dimensions break the quantization
of larger models, and proposes to fix this problem by keeping those dimensions in higher preci-
sion. Lastly, nuQmm develops efficient GPU kernels for a specific binary-coding based quantization
scheme.

Relative to this line of work, we show that a significantly more complex and accurate quantizer can
be implemented efficiently at large model scale. Specifically, GPTQ more than doubles the amount
of compression relative to these prior techniques, at similar accuracy.

3 BACKGROUND

Layer-Wise Quantization. At a high level, our method follows the structure of state-of-the-art
post-training quantization methods (Nagel et al., 2020; Wang et al., 2020; Hubara et al., 2021; Fran-
tar et al., 2022), by performing quantization layer-by-layer, solving a corresponding reconstruction
problem for each layer. Concretely, let W` be the weights corresponding to a linear layer ` and let
X` denote the layer input corresponding to a small set of m data points running through the network.
Then, the objective is to find a matrix of quantized weights cW which minimizes the squared error,
relative to the full precision layer output. Formally, this can be restated as

argmincW ||WX� cWX||22. (1)

Further, similar to (Nagel et al., 2020; Li et al., 2021; Frantar et al., 2022), we assume that the
quantization grid for cW is fixed before the process, and that individual weights can move freely as
in (Hubara et al., 2021; Frantar et al., 2022).

Optimal Brain Quantization. Our approach builds on the recently-proposed Optimal Brain
Quanization (OBQ) method (Frantar et al., 2022) for solving the layer-wise quantization problem
defined above, to which we perform a series of major modifications, which allow it to scale to large
language models, providing more than three orders of magnitude computational speedup. To aid
understanding, we first briefly summarize the original OBQ method.

The OBQ method starts from the observation that Equation (1) can be written as the sum of the
squared errors, over each row of W. Then, OBQ handles each row w independently, quantizing one
weight at a time while always updating all not-yet-quantized weights, in order to compensate for
the error incurred by quantizing a single weight. Since the corresponding objective is a quadratic,
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whose Hessian is HF = 2XFX
>
F , where F denotes the set of remaining full-precision weights,

the greedy-optimal weight to quantize next, which we denote by wq , and the corresponding optimal
update of all weights in F , denoted by �F , are given by the following formulas, where quant(w)
rounds w to the nearest value on the quantization grid:

wq = argminwq

(quant(wq)� wq)2

[H�1
F ]qq

, �F = �wq � quant(wq)

[H�1
F ]qq

· (H�1
F ):,q. (2)

OBQ quantizes weights iteratively using these two equations, until all the weights of w are quan-
tized. This is done efficiently, avoiding expensive full recomputations of H�1, by removing the qth
row and column of H, which is necessary after quantizing wq , directly in the inverse via one step of
Gaussian elimination. Namely, the updated inverse is given by the formula

H
�1
�q =

⇣
H

�1 � 1

[H�1]qq
H

�1
:,q H

�1
q,:

⌘

�p
. (3)

This method comes with a vectorized implementation, handling multiple rows of W in parallel.
Eventually, the algorithm can achieve reasonable runtimes on medium-sized models: for instance, it
can fully quantize the ResNet-50 model (25M parameters) in ⇡ 1 hour on a single GPU, which is
roughly in line with other post-training methods achieving state-of-the-art accuracy (Frantar et al.,
2022). However, the fact that OBQ’s runtime for a drow ⇥dcol matrix W has cubic input dependency
O(drow · d3col) means that applying it to models with billions of parameters is extremely expensive.

4 THE GPTQ ALGORITHM

Step 1: Arbitrary Order Insight. As explained in the previous section, OBQ quantizes weights in
greedy order, i.e. it always picks the weight which currently incurs the least additional quantization
error. Interestingly, we find that, while this quite natural strategy does indeed seem to perform very
well, its improvement over quantizing the weights in arbitrary order is generally small, in particular
on large, heavily-parametrized layers. Most likely, this is because the slightly lower number of
quantized weights with large individual error is balanced out by those weights being quantized
towards the end of the process, when only few other unquantized weights that can be adjusted for
compensation remain. As we will now discuss, this insight that any fixed order may perform well,
especially on large models, has interesting ramifications.

Inverse Layer Hessian
(Cholesky Form)

computed initially block i quantized recursively
column-by-column

Weight Matrix / Block

unquantized weights
that are updatedquantized weights

Figure 2: GPTQ quantization procedure. Blocks
of consecutive columns (bolded) are quantized at
a given step, using the inverse Hessian informa-
tion stored in the Cholesky decomposition, and
the remaining weights (blue) are updated at the
end of the step. The quantization procedure is
applied recursively inside each block: the white
middle column is currently being quantized.

The original OBQ method quantizes rows of W
independently, in a specific order defined by the
corresponding errors. By contrast, we will aim
to quantize the weights of all rows in the same
order, and will show that this typically yields
results with a final squared error that is simi-
lar to the original solutions. As a consequence,
the set of unquantized weights F and similarly
H

�1
F is always the same for all rows (see Fig-

ure 2 for an illustration). In more detail, the lat-
ter is due to the fact that HF depends only on
the layer inputs XF , which are the same for all
rows, and not on any weights. Therefore, we
have to perform the update of H

�1
F given by

Equation (3) only dcol times, once per column,
rather than drow·dcol times, once per weight. This
reduces the overall runtime from O(drow · d3col)
to O(max {drow · d2col, d

3
col}), i.e., by a factor of

min {drow, dcol}. For larger models, this differ-
ence consists of several orders of magnitude.
However, before this algorithm can actually be
applied to very large models in practice, two ad-
ditional major problems need to be addressed.

Step 2: Lazy Batch-Updates. First, a direct implementation of the scheme described previously
will not be fast in practice, because the algorithm has a relatively low compute-to-memory-access
ratio. For example, Equation (3) needs to update all elements of a potentially huge matrix using just a
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GPTQ: Post-training quantization

• Arbitrary order: OBQ quantizes weights in 
greedy order

• Fixed order: Quantize weights in fixed order 
(all rows in the same order)

• Lazy batch updates

• Cholesky reformulation
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