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Abstract

Post-training quantization (PTQ) is a promising
solution for deploying large language models
(LLMs) on resource-constrained devices. Early
methods developed for small-scale networks, such
as ResNet, rely on gradient-based optimization,
which becomes impractical for hyper-scale LLMs
with billions of parameters. While recently pro-
posed backpropagation-free or transformation-
based methods alleviate this issue, they ignore
inter-layer interactions or use the naive nearest-
rounding-based quantized weight assignment to
save the heavy computational cost of weight op-
timization. In this paper, we introduce a novel
backpropagation-free PTQ algorithm that opti-
mizes quantized weights by considering inter-
layer dependencies. The key innovation is the
development of attention-aware Hessian matri-
ces that capture inter-layer interactions within the
attention module. Extensive experiments demon-
strate that our approach not only outperforms
existing weight quantization methods but also
shows good synergy with conventional methods
to suppress activation outliers, leading to state-
of-the-art weight-activation quantization perfor-
mance. The code will be available at https:
//github.com/SamsungLabs/BoA.

1. Introduction

The explosive growth in complexity (parameters) of large
language models (LLMs) (Touvron et al., 2023a; Zhang
et al., 2022) has resulted in a proportional increase in com-
putational costs, which has prompted an urgent need for effi-
cient model processing and compression strategies. Quanti-
zation has emerged as a pivotal solution and an essential step
for deploying AI models on resource-constrained devices
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that primarily support fixed-point arithmetic.

Two main categories of quantization approaches have been
proposed to preserve the performance of original models:
quantization-aware training (QAT) (Jin et al., 2021; Liu
et al., 2023) and post-training quantization (PTQ) (Nagel
etal., 2020; Kim et al., 2024). Although QAT can potentially
outperform PTQ, its practicality diminishes when handling
hyper-scale LLMs featuring billions of parameters. Con-
sequently, recent quantization efforts have been directed
toward PTQ.

Although classic PTQ methods have successfully quan-
tized small models such as ResNet (Nagel et al., 2020; Li
etal., 2021; Jeon et al., 2022), they rely on time-consuming
gradient-based optimization, so their efficacy decreases
when the complexity of LLMs increases. Accordingly, re-
cent efforts have shifted to develop (a) backpropagation-free
methods that optimize quantized weights based on Hes-
sian (Frantar et al., 2023) or (b) transformation-based meth-
ods that convert a model to be robust to quantization by
applying smoothing, rotation, and permutation (Shao et al.,
2023; Ashkboos et al., 2024; Liu et al., 2024; Lin et al.,
2024). However, their weight quantization performance is
limited as they ignore inter-layer dependencies or use naive
nearest rounding for weight quantization.

In this paper, we propose a novel backpropagation-free PTQ
algorithm that considers inter-layer dependencies in opti-
mizing quantized weights. Our contributions are as follows:

» We propose a novel PTQ algorithm called BOA'. The
key contribution is to exploit the attention reconstruc-
tion error, not the layer-wise reconstruction error, in
approximating the Hessian to consider inter-layer de-
pendencies within the attention module (Section 3.2).
To our knowledge, BOA is the first method to optimize
quantized weights by considering inter-layer dependen-
cies without relying on gradient-based optimization.

* While the proposed Hessian facilitates the considera-
tion of inter-layer dependencies, it requires additional
memory and computations. To mitigate the overhead,
we propose several techniques, including Hessian re-
laxation, efficient computation of inverse Hessians, and

!'Backpropagation-free optimization for Attention-aware PTQ
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head-wise simultaneous quantization (Section 3.3).

* We evaluate BOA on publicly available LLMs. From
extensive experiments, we show that BOA outper-
forms existing backpropagation-free weight quanti-
zation methods by a significant margin, particularly
for low-bit precision (e.g., INT2) (Section 4.2). Fur-
thermore, when combined with existing methods to
suppress outliers (Ashkboos et al., 2024; Liu et al.,
2024), BOA achieves the state-of-the-art performance
for both weight-only and weight-activation quantiza-
tion (Sections 4.2 and 4.3).

2. Related Works

When calibration data are available, PTQ aims to minimize
the increase in task loss incurred by quantization. Assuming
the convergence of a network and the independence between
layers, the problem of quantizing weights to minimize task
loss degradation can be formulated as the following layer-
wise reconstruction problem (Nagel et al., 2020):
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where X~ is the input to the /-th layer parameterized
by W and Q is a quantization function. For a uniform
quantization, if the nearest quantization bin is assigned to
each weight, Q is defined as

Qx)=s (clamp ({f] +2,0,2" — 1) — z) ,

where s, z, n are the scale, zero-point, and bit-width, respec-
tively, and | -] represents the round-off.

Early works aimed to optimize the weight-rounding mecha-
nism (Nagel et al., 2020; Hubara et al., 2021; Li et al., 2021;
Jeon et al., 2023a). Instead of allocating the nearest inte-
ger, these studies attempted to assign integer weights that
minimize the reconstruction error. One popular approach is
AdaRound, which learns quantized weights satisfying (1)
via backpropagation (Nagel et al., 2020). This algorithm has
been extended to BRECQ where the block-wise reconstruc-
tion error has been used, instead of the layer-wise reconstruc-
tion error, to consider the inter-layer dependencies (Li et al.,
2021). Although AdaRound and BRECQ have successfully
quantized small-sized models, they rely on time-consuming
gradient-based optimizations, which renders their applica-
tion to LLMs with billions of parameters challenging. Con-
sequently, recent efforts have shifted towards the develop-
ment of cost-effective quantization methods for LLMs.

These efforts can be classified into two orthogonal classes:
(a) backpropagation-free Hessian-based integer weight op-
timization methods (e.g., GPTQ (Frantar et al., 2023)) and

(b) transformation-based methods that convert a model to
be more robust to quantization by applying smoothing (e.g.,
SmoothQuant (Xiao et al., 2023), OmniQuant (Shao et al.,
2023), and AffineQuant (Ma et al., 2024)), rotation (e.g.,
QuaRot (Ashkboos et al., 2024) and SpinQuant (Liu et al.,
2024)), or permutation (e.g., DuQuant (Lin et al., 2024)).

The proposed BOA belongs to the class (a) in that it opti-
mizes quantized weights using the Hessian without relying
on backpropagation. Furthermore, similar to GPTQ, BOA
can be combined with transformation-based methods such
as QuaRot and SpinQuant (see Section 4). The primary
difference over GPTQ lies in our optimization objective:
while GPTQ assumes layer-wise independence and focuses
on layer-wise reconstruction (which leads to performance
degradation), our approach explicitly aims to preserve the
attention output, enabling us to account for inter-layer de-
pendencies within the attention module.

Other algorithms exploiting different strategies have also
been proposed. For example, SpQR (Dettmers et al., 2023),
SqueezeLLM (Kim et al., 2023), and OAC (Edalati et al.,
2024) proposed a mixed-precision approach that assigns a
large bit-width to quantization-sensitive weights or retains
them in full-precision. Compared to the standard uniform
quantization, these algorithms require additional processing
and memory costs in the inference and need special hard-
ware and dedicated kernels without which accelerating the
inference may not be easy. Furthermore, unlike server-grade
GPUs, on-device NPUs (e.g. Qualcomm Hexagon) lack sup-
port for the mixed precision format, and customizing ker-
nels for desired functionalities is very challenging. Thus,
we exclude these algorithms in our comparison and focus
on the more universally supported uniform quantization for-
mat. We also exclude recent vector quantization approaches
(e.g. QulP# (Tseng et al., 2024) and AQLM (Egiazarian
et al., 2024)) because they need additional memory (bits)
for storing codebooks, which are required to perform the
dequantization during the inference.

3. Method
3.1. Overview of Proposed BOA

The proposed BOA quantizes weights by repeating quanti-
zation and weight-update steps; once BOA quantizes one
weight, it updates the remaining (not-yet-quantized) weights
to compensate for the task loss degradation caused by the
quantization. The update formula to compensate for the
quantization of the g-th weight w, is formulated as (Frantar
etal., 2023)

Q(wq) — wq
[Ulq.q

where H is the Hessian and Chol(-) denotes a Cholesky de-
composition (i.e., U is an upper triangular matrix satisfying

ow = [U],.: where U = Chol(H™1)T, (2)



BoA: Attention-aware Post-training Quantization without Backpropagation

Table 1. Approximated Hessians in GPTQ and the proposed BOA

Method Layer H=H. ® How
GPTQ Wio xv} 2XX" @1
Won 2XX" @ K, K,
WK h QXXT ® Qth
BOA ’ T T T
WV,h QXAh AhX ® Wou[’hwoul,h
Woul,h 2Xout,hXZ;t,h ®1

* For Wg,1, and Wk ;, of models exploiting rotary position
embedding, see (14) and (15).

H! = UTU).

The key difference over GPTQ lies in the approximation
of the Hessian H. In GPTQ, the layer-wise reconstruction
error [[AW )X =112 in (1) has been used (i.e., the layer-
wise independence has been assumed) to approximate H
which yields the following Hessian equation’:

HW) x ox-Dx(E-D" o1 3)
where w9 is the flattened representation of w®), H(“’(Z))
is the Hessian for the /-th layer, ® denotes the Kronecker
product operation, and I is the identity matrix. The approxi-
mated Hessian H™) in GPTQ relies solely on the input,
which means that GPTQ cannot consider the influence of
other layers. In other words, GPTQ neglects inter-layer
dependencies within the attention module, a crucial aspect
of Transformers, which results in limited performance (Jeon
et al., 2023b). To overcome this, we develop Hessians that
incorporate inter-layer dependencies and then use them in-
stead of the conventional Hessian in (3).

In Table 1, we summarize the proposed Hessians; the de-
tailed derivation is provided in the following subsections. It
can be observed that the proposed Hessians not only contain
the term related to the input X, but also involve the terms
related to other layers (e.g., KfK n for Wq).

3.2. Proposed Attention-aware Hessian

To consider the inter-layer dependencies within the attention
module, we exploit the attention reconstruction error rather
than the layer-wise reconstruction error when approximating
the Hessian. For an input sequence X € R4* | the output
of the multi-head attention (MHA) is expressed as

MHA(X o QK
Zwm (AWVi)" Ap=c , 4

h=1 Vdh

where Qp,, K}, V), € REX4 are query, key, value for the
h-th attention head, d;, is the head dimension, o is the row-
wise softmax function, and H is the total number of heads.

>The second-order derivative of || M AWMa||% with respect
to Aw is 2M2M7Z @ M{ M; (see Appendix A for the proof).

Hessian for query When quantizing the query projection
weights W 1, Wy, and V), remain unchanged, but the
attention weights A change. Using the first-order Taylor
polynomial, the perturbation in A}, can be approximated as

(Qn + AQh)K£> Y (QhKlj«:)
en ven

L AQK] L, XTAWG, KT,

oV T ven ’

where J is the Jacobian matrix of the softmax function o.
Thus, the attention reconstruction error is expressed as

JAMHA(X)(|2 = [Woun(AAL V)T |1
Vi

which yields the following Hessian for W j, (see Foot-
note 2):

AAh:O’(

(&)

2

AWq.X|| , (6)
F

KIITViWE Wi VT T, K,
dp

HWer)=oXX"g . (D
Hessian for key As in the quantization of the query pro-
jection weights, the attention weight Aj; changes when
quantizing the key projection weights Wk ;. By following

the steps for (5), A}, can be approximated as
QrAK] QAW , XJT
Vi Vdp ’

and then the attention reconstruction error is expressed as

2

[AMHA(X)||2 ~ |22 AW g W XITV, W,

\/7

Thus, we obtain the following Hessian for Wk 5,

T
HW W) =2XITVW L Wou VT Xﬂz@%. (®)
h

Hessian for value When quantizing the weights Wy, of
the value projection, only V}, changes. Thus, we have

|AMHA(X)|[3 = [[Woun (AR AV,) T3
= Hwoul,hAWV,hXAg||%7
which yields the following Hessian for Wy j,:

HWv) = o2XATAXT @ WL, Woun. 9

Hessian for out When the out-projection weights W 3,
are quantized, the attention reconstruction error is

IAMHA(X) |7 = AW oun (An V)|
Thus, the corresponding Hessian is

HWour)=2VIAT AL V), @ T=2Xgu n X ® 1,
(10)

where Xout,h = (Ath)T.
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Algorithm 1 BOA

Input: weights W o x,1y € R¥*% >4 and inputs X of the Transformer layer

1: for W € {WQ,WK,Wv} do
2:  [Initialize quantized output: Q < Oz xa,, xd

3:  Initialize (row-wise) quantization errors: E <— O x4

4: Compute attention-aware Hessians: Hy, = He,n @ Hiow,n > see Table 1

5:  Set step size (scale) S: ming tr (AWhle RAWT)

6:  Compute inverse Hessians Hcol 5 and Hmw A

7: Compute Ueq,n = Chol(H_), )" and Uyew,n = Chol(H,; ;)"

8 forj=0,...,dp, —1do

9: Construct Wm € R4 by stacking the j-th rows [W]; .

10: Quantize W: (Q. ;..,E) < GPTQ(W ) Uy 1, S) > see Appendix E
11: Update remaining rows: [Wp];... < [Wh];... — W, h[l} ’j-i}f’i;Uml’h > see Proposition 3.1
12:  endfor R

13: end for

Qutput: quantized weights Q

3.3. Efficient Implementation of BOA

While inter-layer dependencies within the attention module
can be considered by exploiting the proposed Hessians, they
are significantly more complex than the conventional Hes-
sian in (3), which may incur high computational costs. For
example, computing the proposed Hessians in (7) and (8)
would be more expensive than computing the conventional
one in (3). In this subsection, we present techniques to miti-
gate the computational overheads incurred by the proposed
attention-aware Hessians.

Hessian relaxation The largest overhead related to the
computation of the proposed Hessians is the Jacobian matrix
J, in (7) and (8). For an input sequence of length L, the
shape of J,; is H x L x L x L, which requires a large amount
of memory and high computational cost (e.g., more than
400 GB even for the OPT-125M model when L = 2048).

To mitigate such overhead, we establish a relaxed Hessian
that does not require computing J,. To this end, we build
the following upper bound for the attention reconstruction
error in (6), which will be used as its surrogate:

I|A MHA (X

W, VJ
)2 < Hh HKhAWthuF

ven

Noting that the constant term HWout,hvgJ o||% does not
affect quantization,® we use the term | K,AWg, , X||% as a
surrogate of the attention reconstruction error when deriving
the Hessian for W, 5, which yields the following Hessian:

HWen) = oXXT @ KI'K),. (11)
Similarly, we can establish a relaxed Hessian for W j, as
HWxn) = 2XXT @ QF Q. (12)

3The update dw in (2) is not affected by the constant multiple
of H because [cU]q,./[cUlq,q =[Ulq,:/[Ulq,q for any constant c.

We note that if rotary position embedding (RoPE) (Su et al.,
2023) is used, the MHA output is different from that in (4),
and thus the corresponding attention-aware Hessians would
also be different. Specifically, since the attention weight A,
for models exploiting RoPE is expressed as

~ IN{T
AhZ(T(Qh h

¥en >,thRoPE(Qm,Rh:RoPE(Kh),

(13)

the surrogate ||K;,AQZ||% used to develop the attention-
aware Hessian in (11) changes to HKhAQT |%. As aresult,
we obtain different Hessians for models exploiting RoPE
(see Appendix B for the detailed derivation):

L
1 U
Htor) = 2XXT @ - > RIK{KuRy,  (14)
(=1
1SN s
HWrn) = 9XXT @ 7 > R{QIQuR;,  (19)
(=1
where Ry be the rotary matrix for the ¢-th token (see eq. (15)
in (Su et al., 2023)).

‘We summarize the relaxed Hessians in Table 1.

Efficient computation of inverse Hessians After com-
puting Hessians, their inverse matrices need to be computed
to update the remaining weights after each quantization
(see (2)). Owing to the size of the proposed Hessians be-
ing ddp X ddy, the complexity of the computation of the
inverse Hessian would be O(d3d}) in our approach. This
is considerably more expensive than the complexity O(d?)
of GPTQ, where the inverse of only XX’ € R?*? in (3) is
needed (Frantar et al., 2023).

For the efficient inverse computation, we exploit the use-
ful properties of the Kronecker product (see (17a)-(17¢) in
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H.,; = 2XX H., = 2XX
=7,
| IE/———————— 1
Wo1 = Wo1 -
= a o
W 58
g
o =
[ | — g @
Wo.u ¥: Won @
]

(a) Hessians in the conventional GPTQ (left) and the proposed BoA (right)

2xx7 2XX*
= : —  update l _ K”"'I"(T - H —
T I ]
Wé]) Wéz)

quantize stack of 1st rows update other rows
(b) Quantization procedure in BoA

quantize stack of 2nd rows
Figure 1. lustration of BOA for the query projection Wg.

Appendix A). Specifically, let H = H., ® H,,, where
H,, € R%*? and H,,, € R4 >4 then we obtain
H71 = (Hcol ® Hrow)i1 = H;()ll & Hil

TOW *

This implies that the inverse Hessian H™! can be obtained
by computing H;ﬂl and H;! (line 5 in Algorithm 1) whose
complexity is O(d?) + O(d}) (= O(d?)), not O(d3d}).
Similarly, we can efficiently perform the Cholesky decom-
position (i.e., Chol(H™!) in (2)) with the same order of
complexity as in GPTQ. Specifically, if L; = Chol(H_")
and Ly = Chol(H,,!), H™! can be expressed as

H '=L,LT ® L,LT = (L; ® Ly)(L; ® Ly)”.

Subsequently, noting that the Kronecker product of lower
triangular matrices is also lower triangular, we obtain

Chol(H™') = L; ® Ly = Chol(H_]) ® Chol(H,,}).
Thus, we can obtain Chol(H™!) by computing Chol(H__})
and Chol(H}) (line 6 in Algorithm 1). Consequently, the
computational complexity of the Choleksy decomposition
would be O(d?), not O(d3d3).

Simultaneous quantization of different heads Because
the proposed Hessians model the dependency between dif-
ferent rows (e.g., Hiow = Kth for Wq 5,; see (11)), we
can compensate for the quantization error of a certain row
by updating other rows. Specifically, the row-update for-
mula is formulated as in the following proposition for given
Hessian H = H.,; ® H, ..

Proposition 3.1. Let W, be a dj, x d matrix whose Hessian
is Hy, = Heorn @ Hyoy p. Suppose Wy, is quantized via (2).
If the j-th row of W, has been quantized, then the update
formula to compensate for the quantization is expressed as

[Uz;w h]ji jr€e- UcolAh
[6Wh]j:,: = — e —, (16)
W [Urow,h]j,j

Table 2. Processing time (hour) of BOA with and without simulta-
neous quantization of different heads

Simultaneous LLaMA Model Size
Quantization 7B 13B 30B

X 2775  51.66 135.4

(6] 0.961  1.553  3.295

where Uz = Chol(Hy,; )T, Upyn = Chol(H,,, )7,
and e € R is the quantization error of the j-th row
defined as e; = ((Whlji — Q([Whnlji))/[Ucornli,i-

Proof. See Appendix C. ]

The update formula in (16) implies that we do not need
to compute and store the Cholesky decomposition U, =
Ucol, i, ® Upow, 1, of the full Hessian Hy, for updating weights;
only Uco p, and U,y p, are sufficient for updating weights,
and thus we can save the memory cost caused by the high-
dimensional Kronecker product operation. Proposition 3.1
also implies that the conventional GPTQ cannot compen-
sate quantization error of certain row by updating other
rows because H,,, = I (see (3)) and thus U,,, = I and
[0W];. = O for all ¢ # j.

While the proposed BOA can compensate for the quanti-
zation error of each row, the rows must be quantized se-
quentially (not simultaneously). For example, the second
row can be quantized after being updated to compensate
for the quantization error of the first row. To accelerate the
quantization process, we assume independence between dif-
ferent attention heads (see Figure 1(a)), under which rows
related to different heads are independent and can thus be
quantized together. For a better understanding, we consider
the query projection W as an example (see Figure 1(b)).
In the quantization step, we stack the j-th rows [Wq 1], .
of all different heads, constructing the sub-weight matrix

Wg) € RH >4 (line 8 in Algorithm 1). Because the rows of
Wg ) are mutually independent, all the rows of Wg ) can
be quantized simultaneously as in GPTQ (line 9 in Algo-
rithm 1). Following the quantization of j-th rows, we com-
pensate for the quantization error by updating the remaining
rows. In this update step, we use the refined weight-update

formula in (16) (line 10 in Algorithm 1).

We measure quantization processing times of BOA with and
without simultaneous quantization to evaluate how much the
head-wise joint quantization can accelerate the quantization
process. From Table 2, we observe that BOA requires a
significantly long processing time without the simultaneous
quantization (more than one day even for the 7B model).
This is because all rows need to be quantized sequentially
(e.g., 4096 rows are quantized sequentially for LLaMA-7B)
and thus the massive compute capabilities of modern GPUs
cannot be utilized properly. As evident, we can significantly
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Table 3. Weight-only quantization performance on LLaMA2 and LLaMA3 models without transformation

Model

Precision

Method

Wiki2 PPL (1)

Zero-shot Accuracy (1)

Arc-c Arc-e BQ HS LAMB OBQA PIQA WG Average
FP16 Baseline 5473 4590 7466 7792 7594 70.86 44.00 78.89  68.90 67.13
RTN 7.8e3 2645 2618  39.30 2599 0.00 24.20 4940  49.96 30.19
INT2 GPTQ 30.85 2696 44.15 5630 4252 23.95 28.20 63.22  54.70 42.50
LLaMA2-7B BOA 12.76 2833 4773 6471 4546 31.33 29.60 64.85 54.46 45.81
RTN 342.4 22.53 35.06  44.13 2887 1.63 26.40 58.11 48.70 33.18
INT3 GPTQ 6.719 3695 5972 6554  66.68 58.21 39.20 74.65 66.06 58.38
BOA 6.007 4027  69.28 7422  72.00 66.60 41.20 78.35 67.64 63.70
FP16 Baseline 4.885 49.06  77.65 8049  79.38 73.41 45.80 80.69  72.22 69.84
RTN 5.7¢3 2747 2689 3795 2597 0.00 25.20 49.08  48.38 30.12
INT2 GPTQ 35.08 2176 35.31 6196 3522 19.41 28.80 5729  52.88 39.08
LLaMA2-13B BoA 18.33 29.78 4630  62.23  49.30 29.33 27.60 63.33 52.64 45.06
RTN 227.2 2398 2875 4924 2851 4.46 24.40 5326  50.75 32.92
INT3 GPTQ 9.790 34.81 62.12  67.06  55.57 47.61 37.00 73.18 61.33 54.84
BOA 5.833 4352 6928 7893 7471 65.22 35.20 7742 6251 63.35
FP16 Baseline 6.137 53.67 77.61 81.19  79.15 72.23 45.00 81.01 73.24 70.39
RTN 6.6e4 25.51 25.80 5394 2634 0.00 29.00 51.52  50.20 32.79
INT2 GPTQ 24.54 2329 3258 5339 39.17 7.10 27.00 5332 5225 36.01
LLaMA3-8B BOA 21.70 26.62 4487 60.52 4334 16.89 29.40 59.85 55.80 42.16
RTN 129.1 23.21 3388  55.60 34.83 4.60 25.20 5822 5257 36.01
INT3 GPTQ 8.226 4147  63.01 7547  70.05 59.53 40.60 73.78 69.85 61.72
BoA 7.782 45.14 7277  78.69  72.66 62.41 42.60 77.31 71.35 65.37
FP16 Baseline 13.15 38.14 6326  69.51 60.78 54.38 34.60 74.37 59.51 56.82
RTN 6.3e4 2696 2559 4153  26.05 0.01 26.40 51.52  50.59 31.08
INT2 GPTQ 538.9 2526  26.64 37.83 2641 0.22 27.60 51.41 48.46 30.48
LLaMA3.2-1B BOA 312.2 25.09 2685 40.06 27.17 1.42 27.00 5196  51.07 31.33
RTN 1.9e3 25.60 2694  54.13  29.90 0.58 27.00 52.18  49.17 33.19
INT3 GPTQ 112.0 2406 3948 53.85 31.07 13.85 27.80 60.07  49.33 37.44
BoA 26.43 30.63 55.26  59.97  48.33 31.95 29.60 66.65 53.99 47.05
FP16 Baseline 11.04 46.16  67.80  78.62  70.44 62.15 36.00 7552 67.40 63.01
RTN 2.0e4 2679 2652 37.89 2593 0.00 30.80 5092 49.09 30.99
INT2 GPTQ 98.19 2483 2778 5232 3383 4.38 28.60 52.23 51.14 34.39
LLaMA3.2-3B BoA 54.64 25777 3548 57,52 35.63 14.42 29.00 56.96 5343 38.53
RTN 882.6 2637 2786 4587  37.04 1.44 26.00 53.92  48.46 33.37
INT3 GPTQ 46.14 2892  37.63  44.01 39.27 18.76 28.60 61.64  54.70 39.19
BOA 13.64 4232 66.12 7752 64.46 54.18 35.20 72.69  62.51 59.38

* Results for high bit-widths and results on LLaMA1 and OPT models are provided in Appendix D.1 due to the page limitation.

reduce the processing time by applying the head-wise joint

quantization (more than 40 times reduction on the 30B

model).

4. Experiments

In this section, we evaluate the weight-only quantization
performance of the proposed BOA (Section 4.2) and synergy
with transformation-based methods in terms of weight-only
and weight-activation quantization (Sections 4.2 and 4.3).

4.1. Experimental Setup

We conduct experiments on OPT (Zhang et al., 2022),
LLaMA (Touvron et al., 2023a)), LLaMAZ2 (Touvron et al.,
2023b), and LLaMA3. As in previous studies (Shao et al.,
2023; Maetal., 2024; Lin et al., 2024; Ashkboos et al., 2024;
Liu et al., 2024), we construct a calibration dataset by sam-
pling 128 random sequences of length 2048 from WikiText-
2 (Merity et al., 2016). As a performance metric, we use

the perplexity (PPL) score on the WikiText-2 test dataset
and accuracy on eight zero-shot commonsense reasoning
tasks (ARC-challenge (Arc-c) and ARC-easy (Arc-e) (Clark
et al., 2018), BoolQ (BQ) (Clark et al., 2019), HellaSwag
(HS) (Zellers et al., 2019), LAMBADA (LAMB) (Paperno
etal., 2016), OpenbookQA (OBQA) (Mihaylov et al., 2018),
PIQA (Bisk et al., 2020), and WinoGrande (WG) (Sak-
aguchi et al., 2021)). All experiments were conducted using
a single NVIDIA H100 GPU (80 GB).

When determining a quantization order in BOA, the heuris-
tic introduced by GPTQ can be used; the column/row cor-
responding to the largest diag(H,q)/diag(Hyow) (i.e., the
most quantization-sensitive column/row) is first quantized
for better compensation. Empirically, we observed that this
heuristic could occasionally enhance the performance, yet
at other times, it may result in inferior performance. For
GPTQ and the proposed BOA, we conduct experiments with
and without this heuristic and report the better results.
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Table 4. Memory costs of GPTQ and the proposed BOA

Table 5. Processing time (hour) of different quantization methods

Memory Cost (GB) Wiki2 PPL (}) Inter-layer Optimization LLaMA Model Size
Method 7B 38 30B 7B 3B 30B Method Dependency Type 7B I3B 30B
GPTQ 4426  5.872  8.271 19.63 3463  9.770 GPTQ X one-shot 012 020 043
BOA 9.550 1656  32.79 10.28 8309  6.669 OmniQuant radient 1.83 332 17.66
Relaxed BOA™  6.446 8397  11.55 10.53  8.700  7.007 AffineQuant (0} & based 432 841 214
- - - DuQuant+LWC -base 122 208 455
Attention-aware Hessians have been applied to query and key, but not to value.
BOA (0] one-shot 096 155 330

4.2. Weight-Only Quantization Results

Comparison with GPTQ We first compare the proposed
BOA with GPTQ to demonstrate the efficacy of the proposed
attention-aware Hessians. In this experiment, we do not ap-
ply any model transformation method (e.g. QuaRot (Ashk-
boos et al., 2024) and SpinQuant (Liu et al., 2024)) to solely
evaluate the effectiveness of the proposed Hessians.

In Table 3 and Tables 8-10 (see Appendix D.1), we summa-
rize the PPL and zero-shot task performances of BOA and
GPTQ. We also include the performance of the rounding-
to-nearest (RTN) method which naively assigns the near-
est quantization bin. We observe BOA and GPTQ exhibit
reasonable PPL even for INT2 quantization where RTN
collapses significantly (i.e., PPL is almost 10%). This is
because BOA and GPTQ minimize the task loss degrada-
tion rather than the weight quantization error AW. As
evident, BOA significantly surpasses GPTQ on all models
in both PPL and zero-shot accuracy. For example, BOA
achieves 10%p accuracy improvement on the 3-bit quan-
tized LLaMA2-13B and LLaMA3.2-1B models. In addition,
BOA shows 20%p higher accuracy for the 3-bit quantized
LLaMA3.2-3B model. The key factor leading to such an
outstanding performance is that BOA considers inter-layer
dependencies within the attention module by exploiting the
proposed attention-aware Hessians while GPTQ assumes
the independence of layers.

In Table 4, we summarize the memory costs of BOA and
GPTQ. We observe that BOA requires larger memory be-
cause BOA additionally uses outputs of other layers to con-
sider inter-layer dependencies. It is worth mentioning that
when the memory resource is limited, BOA can still be used
with a slight relaxation. Noting that the large memory cost
of BOA is attributable to the Hessian for the value projection
(Heot,, = 2XAT A, XT in (9)) whose shape is H x d x d,
we can greatly reduce the memory cost by exploiting the
standard Hessian in (3) for the value projection and apply-
ing the proposed attention-aware Hessians only for query
and key projections. In doing so, BOA needs slightly more
memory (e.g. 3 GB for 30B; see Table 4) yet still performs
much better than GPTQ.

We now compare the processing times of BOA and GPTQ.
As evident from Table 5, BOA requires a longer processing
time than that needed by GPTQ. This is because GPTQ
quantizes all the rows simultaneously, while BOA sequen-
tially quantizes them to compensate for the quantization

error of each row (see Figure 1(b)). Clearly, there exists
a trade-off between quantization speed and accuracy. In
real cases, when one needs to consider inter-layer depen-
dencies to preserve the performance of the original model
as much as possible, the proposed BOA would be an in-
triguing solution when compared to existing gradient-based
approaches (see Table 5 and Table 6). When faster quan-
tization is required, one possible solution is to reduce the
number of sequential quantizations by quantizing multiple
rows in each head simultaneously, which will be considered
in our future studies.

Comparison with transformation-based methods To
improve the quantization performance, recent studies have
transformed models by applying smoothing, rotation, or
permutation (Shao et al., 2023; Ma et al., 2024; Ashkboos
et al., 2024; Liu et al., 2024; Lin et al., 2024). In this experi-
ment, we evaluate BOA under those model transformations
(see Table 6 and Tables 11-12 in Appendix D.2). For con-
ventional methods, we ran the official codes provided by
the authors and reported the obtained results; details for
implementing conventional methods are provided in Ap-
pendix D.2. When measuring the performance of BOA, we
also transformed the model for a fair comparison. We ap-
plied QuaRot for the transformation because QuaRot does
not require any training and incurs no extra costs during the
actual inference (Ashkboos et al., 2024).

We observe that the performance of the proposed BOA
is boosted significantly when applying the transformation.
For example, the PPLs of the 2-bit quantized LLaMA2-
13B / LLaMA3-8B models improve from 18.33 /21.70 to
8.237 / 15.24, respectively (see Tables 3 and 6). For INT3
quantization, BOA almost preserves the performance of the
original full-precision model; the accuracy drop is 2.3%p for
LLaMA3-8B and 1.3%p for LLaMA2-13B (see Table 11).
For all models, we achieve at least 5%p improvement in
the zero-shot accuracy (in particular 11%p improvement
for the 2-bit quantized LLaMA2-13B model). We note
that the performance gap between BOA and GPTQ remains
significant after the model transformation; for example, the
zero-shot accuracy of BOA on the 2-bit quantized LLaMA2-
7B model is 12%p larger than that obtained by QuaRot-
GPTQ.

Finally, we emphasize that BOA not only surpasses existing
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Table 6. Weight-only quantization performance on transformed LLaMA?2 and LLaMA3 models

Model Precision Method

Zero-shot Accuracy (1)

Wiki2 PPL ({)

Arc-c Arc-e BQ HS LAMB OBQA PIQA WG Average
FP Baseline 5473 4590 7466 7792 7594 7086 4400  78.89 6890  67.13
OmniQuant 21.85 2517 3691  61.80 3838  5.80 2840 5740 4949  37.92
AffineQuant 91.19 2346  29.17 4003 2744  0.16 2220 5413 5178 31.05
QuaRot-RTN 1.1e4 2722 2605 3783 2619 001 2560 5054 4870 3027
LLaMA2-7B INT2 QuaRot-GPTQ 22.05 2227 3624 6199 3354 2063  28.60 5675 5178 3898
DuQuant 1.6e4 2662 2572 3908 2606  0.00 2220 4973 5012 29.94
DuQuant + LWC 4627 2312 2896 44.04 29.60  2.41 2740 5370  49.17 3230
BoA T 10.42 29.69 54.84 6437 5203 4654 3360 6752 5943  51.00
FP Baseline 4.885 49.06  77.65 8049 7938 7341 4580  80.69 7222  69.84
OmniQuant 12.92 2671 4600  63.64 5119 1693 3140  64.64 5264 4414
AffineQuant 9415 2696 49.83  63.15 5240 2658  33.60 6447 5383 4635
QuaRot-RTN 7.9¢3 2722 2626 3783 2574 0.0 2400 4902 4917 2991
LLaMA2-13B INT2 QuaRot-GPTQ 9.593 3166 5652 63.15 4881 3693 3260 6605 6038  49.51
DuQuant 1.4ed 2833 2664 4443 2612 0.00 2500  50.16 4957  31.28
DuQuant + LWC 10.40 2850 4651 6370 5279 2524 30.80  65.13 5414 4585
BoA ' 8.237 3549 6397 7128 5836 5625 3540 7182 6275  56.92
FP Baseline 6.137 5367 7761  81.19  79.15 7223 4500 8101 7324 7039
OmniQuant* 955.8 2278 2824 3783 2618 0.0 2720 52.83 4901  30.51
AffineQuant™ 1.1e3 2346 2731 3786 2604 0.0 2680 5212 5122 30.60
QuaRot-RTN 3.5¢5 2619 2521  39.02 2686 0.0 2860 5038 4941  30.71
LLaMA3-8B INT2 QuaRot-GPTQ 18.28 2833 4668 6410 4504 2949 2920 6208 5525  45.02
DuQuant 1.4¢6 2500 2534 4737 2668 0.0 29.80 5196 4893  31.89
DuQuant + LWC 2.6e4 2440 2668 3826 2530 0.0 2920 4967 5201  30.69
BoA T 15.24 3038 5442 68.17 49.17  39.89 3420 6594  60.14  50.29
FP Baseline 13.15 3814 6326 6951 6078 5438 3460 7437 5951  56.82
OmniQuant* 302.3 2201 3169 3795 2764  0.14 2560 5495 5012 3126
AffineQuant™ 268.3 244 3161 3783 2775  0.12 2600 5430 49.88  31.24
QuaRot-RTN 2,65 2662 2584 3875 2675 0.0 2820 5109 5107  31.04
LLaMA3.2-1B INT2 QuaRot-GPTQ 54.28 2218 3401 5639 3190 1465 2480 5691 5059 3643
DuQuant 4.9¢4 2551 2597 3994 2617 0.0 29.80 4897 49.64  30.75
DuQuant + LWC 9.3¢3 2816 2538 3789 2527 0.0 2660 5049 4957  30.42
BoA T 40.86 2406 3977 5820 3462 1679 2620 5707 52.64  38.67
FP Baseline 11.04 46.16  67.80 7862 7044 6215 3600 7552 6740  63.01
OmniQuant™ 2734 2338 3182 5642 2935  0.28 2780 5615 5107 3453
AffineQuant™ 282.2 2235 3287 4728 2944 025 2820 5626 4838  33.13
QuaRot-RTN 23e4 2619 2449 4709 2655 0.0 3040 5174 4830  31.85
LLaMA3.2-3B INT2 QuaRot-GPTQ 52.18 2398 3695 6092 3468 1924 2740  57.67 5249  39.17
DuQuant 774 2517 2555 4110 2601 0.0 2840 5147 5028  31.00
DuQuant + LWC 770.9 23.63 2664 3820 2632 0.3 2620 5174 5170 30.56
BoA' 33.40 2730 4566 6587 4086 2457 2900 6137 5627  43.86

T BOA has been applied after transforming the model via QuaRot.

f The learnable equivalent transformation (LET) option has been deactivated because this option does not support models exploiting grouped-query attention (GQA).
** Results for high bit-widths and results on LLaMA 1 models are provided in Appendix D.2 due to the page limitation.

transformation-based methods exploiting the naive nearest
rounding (i.e., OmniQuant, AffineQuant, and DuQuant +
LWC) but also is much faster than those methods relying on
the gradient-based optimization (see Table 5). For example,
on the LLaMA3-8B model, BOA achieves 20%p accuracy
improvement for INT2 (see Table 6) and 13%p improvement
for INT3 (see Table 11) over OmniQuant, AffineQuant, and
DuQuant + LWC, yet reduces the quantization processing
time of OmniQuant and AffineQuant more than twofold (see
Table 5). Moreover, the degree of reduction increases with
the model size; BOA requires 7 times shorter processing
time than that needed by AffineQuant on LLaMA-30B.

4.3. Weight-Activation Quantization Results

We now evaluate the weight-activation quantization perfor-
mance (see Table 7 and Tables 13-15 in Appendix D.3). As

in previous studies (Shao et al., 2023; Ma et al., 2024; Lin
et al., 2024; Ashkboos et al., 2024; Liu et al., 2024), we
quantize input activations to all linear layers and KV caches
with the Min-Max nearest-rounding quantizer where quan-
tization parameters are determined dynamically for each
token. We use the notation “‘WxAyKVz’ to denote the x-bit
weight quantization, y-bit input activation quantization, and
z-bit KV cache quantization. In this experiment, when mea-
suring the performance of RTN, GPTQ, and the proposed
BOA, we use SpinQuant (instead of QuaRot) for the model
transformation. It is worth noting that while QuaRot uses
Hadamard matrices (that are independent of data) for the
rotation (Ashkboos et al., 2024), SpinQuant optimizes rota-
tion matrices that make models more robust to the activation
quantization and thus could outperform QuaRot (Liu et al.,
2024). In our experiments, rotation matrices have been op-
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Table 7. Weight-activation quantization performance on transformed LLaMA?2 and LLaMA3 models

Model Precision Method

Zero-shot Accuracy (1)

Wiki2 PPL ({)

Arc-c Arc-e BQ HS LAMB OBQA PIQA WG Average
FP16 Baseline 5.473 4590 7466 7792 7594 70.86 44.00 78.89  68.90 67.13
OmniQuant 1.0e5 26.88 2630  39.02 2557 0.00 25.60 4842 5051 30.29
AffineQuant NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN
LLaMA2-7B SpinQuant-RTN 23.23 2551 34.01 6220  32.09 14.48 26.00 55.17 50.91 37.55
W2A4KV4  SpinQuant-GPTQ 24.29 22.95 36.74  59.88  32.83 13.81 26.20 56.64  51.30 37.54
DuQuant 6.4e3 28.41 26.73  38.01 25.65 0.00 26.00 48.48 51.62 30.61
DuQuant + LWC 16.35 2491 3733 6199 41.46 10.54 28.20 58.71 53.28 39.55
BOAT 11.80 2679  49.20  63.09  48.05 37.76 30.80 63.55 57.85 47.14
FP16 Baseline 4.885 49.06  77.65 80.49  79.38 73.41 45.80 80.69  72.22 69.84
OmniQuant 3.8¢3 26.88 2630 37.83 2548 0.00 23.60 4820  49.96 29.78
AffineQuant 1.2¢3 2662 27.19  37.83 2637 0.00 24.60 48.80  49.17 30.07
LLaMA2-13B SpinQuant-RTN 11.71 26.96  40.61 63.12 4454 29.64 29.20 60.88 53.67 43.58
W2A4KV4  SpinQuant-GPTQ 15.54 2355 4129  62.17  35.76 16.50 29.80 59.52 51.54 40.02
DuQuant 6.4e3 28.41 26.73  38.01 25.65 0.00 26.00 48.48 51.62 30.61
DuQuant + LWC 16.35 2491 3733 6199 41.46 10.54 28.20 58.71 53.28 39.55
BOAT 8.974 31.74 5598 6480 56.22 49.18 34.40 68.44  59.27 52.50
FP16 Baseline 6.137 53.67 77.61 81.19  79.15 7223 45.00 81.01 73.24 70.39
OmniQuant™ 3.2e5 2585 2546 3826 2535 0.00 26.80 51.58  49.09 30.30
AffineQuant™ NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN
LLaMA3-8B SpinQuant-RTN 31.27 2440 3350  62.14  36.01 19.99 27.40 56.69  52.80 39.12
W2A4KV4  SpinQuant-GPTQ 29.60 22.18 3489 5823 35.07 13.42 27.20 55.88 51.22 37.26
DuQuant 5.4e5 2730  24.62  50.67 2649 0.00 28.20 50.82  50.59 32.34
DuQuant + LWC 4.1e4 25.60 2609 37.86 25.55 0.00 25.60 5136 49.25 30.16
BoAf 18.23 2892 4886 6254 4462 29.38 28.80 6279  54.22 45.02
FP16 Baseline 13.15 38.14  63.26  69.51 60.78 54.38 34.60 74.37 59.51 56.82
OmniQuant™ 7.0e3 24.83 2626 3798  25.59 0.00 27.60 49.84  50.75 30.36
AffineQuant* NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN
LLaMA3.2-1B SpinQuant-RTN 110.6 22.61 32.07 52.14 2859 4.08 28.20 52.83 4949 33.75
’ W2A4KV4  SpinQuant-GPTQ 143.8 22.35 31.23 5196 2891 291 26.20 5332 51.85 33.59
DuQuant 5.6e4 26.62 2471 41.74  26.16 0.01 28.20 48.80  50.51 30.84
DuQuant + LWC 8.5e3 28.07 26.01 3826  25.84 0.00 28.80 50.11 50.91 31.00
BOA" 77.05 22.61 36.66 5722 3213 8.07 25.80 55.55 50.99 36.13
FP16 Baseline 11.04 46.16  67.80  78.62  70.44 62.15 36.00 75.52 6740 63.01
OmniQuant™ 6.6e3 27.82  25.00 3835 2543 0.00 28.00 52.18  49.80 30.82
AffineQuant™ 6.0e3 2594  26.89 38.10 25.66 0.01 28.40 51.58  49.80 30.80
LLaMA3.2-3B SpinQuant-RTN 51.19 24.83 31.48 4532 29.90 11.05 27.80 55.17 50.20 34.47
: W2A4KV4  SpinQuant-GPTQ 65.09 23.21 3354 3826 3l1.16 7.18 25.80 55.98 51.38 33.31
DuQuant 1.2e5 26.02  25.51 49.02  26.74 0.00 29.00 51.03  49.88 32.15
DuQuant + LWC 1.7e3 2440  26.09 37.83 2591 0.00 27.80 50.49 5249 30.63
BOAT 37.12 27.99  37.67 5930 3791 15.81 27.40 57.73 52.41 39.53

T BOA has been applied after transforming the model via SpinQuant.

f The LET option has been deactivated because this option does not support models exploiting GQA.

~~“NaN‘ means that loss diverges in the quantization process.

** Results for other configurations are provided in Appendix D.3 due to the page limitation.

timized with respect to activation-only quantized networks
(i.e., weights are fixed with full-precision) as in (Liu et al.,
2024).

From Table 7 and Tables 13-15 in Appendix D.3, we observe
that the outstanding weight-quantization performance of the
proposed BOA leads to the state-of-the-art performance for
the weight-activation quantization. In particular, the perfor-
mance gain is noticeable for low-bit (e.g., W2A4KV4 and
W2A4KV16). For example, compared to SpinQuant-GPTQ,
BOA achieves 10%p accuracy improvement on LLaMA?2-
7B and 12.5%p improvement on LLaMA2-13B (see Ta-
ble 7). Compared to the conventional gradient-based meth-
ods (i.e. OmniQuant, AffineQuant, and DuQuant), BOA
achieves 8%p, 13%p, 13%p, 5%p, and 7%p improvement
on LLaMA2-7B, LLaMA2-13B, LLaMA3-8B, LLaMA3.2-

1B, and LLaMA3.2-3B, respectively.

5. Conclusion

In this paper, we proposed a novel backpropagation-free
PTQ algorithm called BOA. To consider the inter-layer de-
pendencies within the attention module, we approximated
the Hessian matrices by exploiting the attention reconstruc-
tion error rather than the layer-wise reconstruction error. To
mitigate the computational overhead incurred by the pro-
posed attention-aware Hessians, we also incorporated sev-
eral techniques, including Hessian relaxation, efficient com-
putation of inverse and Cholesky decomposition of attention-
aware Hessians, and simultaneous quantization of different
attention heads. Finally, from extensive experiments, we
demonstrated the efficacy of the proposed BOA.
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Impact Statement

BOA is a highly efficient and accurate quantization algo-
rithm that minimizes accuracy loss while significantly re-
ducing the time required for model quantization and deploy-
ment. By synergizing with other methods, BOA facilitates
the efficient operation of LLMs on resource-constrained
hardware using only integer arithmetic. This breakthrough
is particularly impactful for on-device Al, allowing real-
time model inference on mobile and edge devices without
the need for server access, paving the way for scalable,
decentralized Al solutions.
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A. Proof of Footnote 2

In our proof, we use the following useful properties of the Kronecker product:

vec (M1 MoM3) = (M3 ® Ml) vec(Ma), (17a)
(M; @ My)" =MT @ M7, (17b)
(M; ® My) (M3 ® My) = M M3 @ MMy, (17¢)

where vec(-) denotes the vectorization operation.

Using (17a), we have
2 T
IM; AWML |7 = [|(M3 @ My) Aw|[, = Aw” (M] @ My)" (M} ® M;) Aw
where Aw = vec(AW). In addition, by (17b) and (17¢), we have

AwT (MF @ My)" (MF @ My) Aw = Aw” (M, © MT) (M @ M;) Aw
=Aw" (MoM] ® M{M;) Aw.

Finally, by exploiting the fact that & > Ax = A + AT, we obtain

9% |M; AWML ||
OAW?2

= MM} @ MTM,; + (MM} @ MTM,)"
@ MM @ MIM, + (MoME)” @ (MIM,)”

= 2M,MI @ MTM,,

where (a) follows from (17b). This completes the proof.

B. Attention-aware Hessians for Models Exploiting RoPE

As mentioned, when RoPE is applied, the proposed surrogate ||K,AQY |2 |7 used to develop the attention-aware Hessian
H™e.n) in (11) changes to ||KhAQT||F, where K, = RoPE(K},) and Q;, = RoPE(Qy,). Let R, be the rotary matrix
for the /-th token (see eq. (15) in (Su et al., 2023)) and QT = [Qp,1 --.dp,1). then the objective can be expressed as

L L L

KR AQLIF = 1K 2= D IKnARWo x5 = D IKiRAWg x5,
=1 (=1 (=1

which yields the following Hessian equation (see Footnote 2):

L
HWer) =3 "(2x,x] ® R{ K} K, Ry).
=1

Finally, we take the factorized approximation for the summation of Kronecker products (i.e., E[M; ®@M;] ~ E[M;|QE[M,];
see eq. (20) in (Botev et al., 2017)):
L 1 L o 1 L o
Hver &) " oxx{ @ 7 > RIK[K,R, =2XX" ® 7 > R{K[K,R,.
=1 =1 =1

By taking similar steps, the attention-aware Hessian for the key projection weight W g ;, with RoPE can be established as
1 & s
HWxR) — oxxT ® 7 Z R}Q}I;QhRé
=1

12
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C. Refined Weight-update Formula
We recall that the Hessian-based weight-update formula is given by (Frantar & Alistarh, 2022; Frantar et al., 2023)

wg — Q(w,)

U],. where U = Chol(H 17
ey, )

ow = —

For the proposed attention-aware Hessians in Table 1, we have
Uy, = Ucol,h & Urow,h;

where Ul p, = Chol(HC_O]1 h)T and U,y p, = Chol(Hr;&, h)T (see Section 3.3). Therefore, the weight-update formula can
be recast as

owy, = — [UCZZ?@%(E:IJ)JM [Ucol,h @ Urow,h]q,:-
Quant. of Update of
1st row 2nd row
Ucol,h U %
row ,h
a b aUcol z bUco1 n

X |7 7/////

Va

Quant. of
2nd row

Figure 2. Tllustration of the Hessian information when drow = 2 and deol = 3

For simplicity, suppose we quantize the first (0-th) row. When the weight [W]o j(= [W(?)],, ;) in the j-th column is
quantized, the weight-update of the i-th row is simplified as (see Figure 2 for the ease of understanding)

[Whlo,; — Q([Whlo,;)

oW i, — Urow iUco i,

[ h] ’ [Urow,h}O,O[Ucol,h]j,j [ ,h]O, [ l,h]j’
(Whloj — Q([Whrloj) [Urow,nloi[Ucornlj.:

[Ucol,nly.j ' [Urow,n]0,0

Thus, after the quantization of all weights in the first row, the total amount of the weight-update for the i-th row can be
expressed as

dco
Wl = — 3 Velos = QUWolo,) | U slo (Vs
stotal|2,: —
3=0 [Ucol,h]jd [Urow,h]O,O
dm]—l

~ [Urow,ho,i Z [Whlo,; — Q([Whlo,j)

_ U
[Urow,h]0,0 =0 [Ucol,h}jJ [ Col,h]]”

Furthermore, by noting that (see line 5 in Algorithm 2)

[(Whlo,; — QUWnrlo,)
[Ucol,nlj,j ’

[Ecproln,; =

13
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we obtain

[U } dcol_l
row,h 0,7
[OW total]i,: = — oW k0,0 [Ecproln,; - [Ucol,nlj: = —

[Urow,n]0,0 =

[Urow,h}o,i

[Ur0w7h]0’0 [EGPTQ] ’L’:UCOI,h .

As a result, the weight-update matrix to compensate for the quantization error of the first row is given by

(U5 1lo:0[Ecpraln,: Ucol

5Wh 10:;: — — (18)
| sonlo: [Urow,nJo,0
By taking similar steps as above, we can easily generalize (18) for the j-th row as follows:
[UTW h} i '[EGPTQ]h,:Ucol,h
W ot s = —— : (19)

[Urow,hl5,5

14
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D. Additional Experimental Results
D.1. Performance of Weight-Rounding Optimization

We evaluate the weight-only quantization performance of the proposed BOA. To solely compare the performance of the
weight-rounding optimization, we do not apply any transform (e.g., smoothing, rotation, and permutation) to the models. In
this appendix, we provide the results for the INT4 weight quantization of LLaMA?2 and LLaMA3 models (see Table 8) and
the results on LLaM A1 models (see Table 9) and OPT models (see Table 10).

Table 8. INT4 weight-only quantization performance on LLaMA?2 and LLaMA3 models without transformation

Zero-shot Accuracy (1)

Model Precision Method Wiki2 PPL ({)

Arc-c Arc-e BQ HS LAMB OBQA PIQA WG Average
FP Baseline 5.473 45.90 74.66 77.92 75.94 70.86 44.00 78.89 68.90 67.13
LLaMA2-7B RTN 6.998 41.64 67.05 72.72 71.36 59.78 42.60 77.04 65.75 62.24
INT4 GPTQ 5.809 42.06 69.82 67.06 70.44 62.80 43.00 77.15 68.11 62.56
BoA 5.622 43.94 72.26 78.04 74.53 68.96 44.20 78.40 69.14 66.18
FP Baseline 4.885 49.06 77.65 80.49 79.38 73.41 45.80 80.69 72.22 69.84
LLaMA2-13B RTN 6.319 43.00 66.88 71.01 66.14 62.25 38.20 77.04 63.85 61.05
INT4 GPTQ 5.632 47.18 74.49 74.37 75.00 70.89 44.20 78.40 69.69 66.78
BoA 5.096 47.95 75.80 78.93 77.96 70.61 41.60 79.87 71.35 68.01
FP Baseline 6.137 53.67 77.61 81.19 79.15 72.23 45.00 81.01 73.24 70.39
LLaMA3-8B RTN 7.981 49.06 73.65 73.30 76.62 59.55 45.00 78.29 72.93 66.05
INT4 GPTQ 7.960 49.06 73.44 73.70 69.30 60.19 45.00 79.54 73.56 65.47
BoA 6.561 50.17 77.74 80.31 77.42 70.20 44.40 80.14 73.88 69.28
FP Baseline 13.15 38.14 63.26 69.51 60.78 54.38 34.60 74.37 59.51 56.82
LLaMA3.2-1B RTN 18.81 34.30 57.41 65.20 55.93 32.72 33.00 69.15 56.35 50.51
INT4 GPTQ 16.20 35.41 58.63 64.46 55.69 38.08 32.20 69.04 56.27 51.22
BoA 14.29 36.18 60.82 67.22 59.03 51.65 34.00 71.87 58.09 54.86
FP Baseline 11.04 46.16 67.80 78.62 70.44 62.15 36.00 75.52 67.40 63.01
LLaMA3.2-3B RTN 13.86 43.26 61.24 73.67 68.27 54.18 38.40 71.76 64.01 59.35
INT4 GPTQ 12.41 44.28 63.51 77.00 68.44 57.39 36.60 74.16 67.01 61.05
BoA 11.74 44.11 66.75 77.86 69.42 61.74 36.20 75.08 66.85 62.25

Table 9. Weight-only quantization performance on LLaMA models without transformation

Zero-shot Accuracy (1)

Model Precision Method Wiki2 PPL ({)

Arc-c Arc-e BQ HS LAMB OBQA PIQA WG Average
FP Baseline 5.677 44.71 72.94 75.05 76.21 70.66 44.40 79.16 70.01 66.64
RTN 5.9e3 26.37 26.73 39.82 26.37 0.01 26.00 51.80 48.62 30.72
INT2 GPTQ 19.63 25.34 41.58 56.27 37.27 26.24 30.20 61.70 55.56 41.77
BoA 10.28 28.75 52.69 64.19 49.34 41.48 32.60 66.54 59.19 49.35
LLaMA-7B RTN 61.31 26.45 50.46 59.76 40.07 14.64 33.00 67.08 55.88 43.42
INT3 GPTQ 18.44 33.53 61.36 64.40 56.22 4491 35.40 72.09 64.33 54.03
BoA 6.267 39.76 67.68 75.35 71.01 68.92 41.80 77.80 67.48 63.73
RTN 7912 41.47 70.29 72.81 73.16 63.81 41.60 77.86 68.27 63.66
INT4 GPTQ 7.791 40.36 66.50 70.58 68.48 61.84 39.00 77.42 68.43 61.58
BoA 5.899 43.77 72.18 75.54 74.75 69.60 44.40 78.62 69.77 66.08
FP Baseline 5.090 47.70 74.75 77.95 79.07 73.66 44.80 80.14 72.77 68.86
RTN 2.2e3 25.60 26.01 39.48 26.00 0.00 25.20 49.46 48.54 30.04
INT2 GPTQ 34.63 26.37 43.43 56.67 46.85 33.11 31.40 65.07 57.62 45.07
BoA 8.309 32.76 59.51 69.57 59.52 51.79 35.20 71.22 65.19 55.60
LLaMA-13B RTN 1345 25.00 49.24 56.39 36.91 11.41 29.20 64.20 54.62 40.87
INT3 GPTQ 7.096 42.24 69.74 70.73 73.40 62.99 39.20 77.09 68.11 62.94
BoA 5.461 45.82 71.93 75.96 75.71 70.62 43.40 78.35 70.24 66.50
RTN 7.742 4522 69.99 72.42 75.67 65.65 41.60 78.78 70.56 64.99
INT4 GPTQ 6.147 45.82 72.26 74.10 76.24 70.15 43.80 80.20 71.90 66.81
BOA 5.189 47.44 74.62 7731 78.03 73.19 45.40 80.20 73.09 68.66
FP Baseline 4.101 52.90 78.96 82.69 82.63 75.47 48.20 82.26 75.77 72.36
RTN 7.1e3 25.60 26.52 40.67 27.20 0.11 24.60 50.92 49.64 30.66
INT2 GPTQ 9.770 35.41 60.14 64.77 61.54 50.12 38.20 70.35 66.54 55.88
BoA 6.669 37.71 64.73 73.00 64.77 61.28 39.00 73.34 67.40 60.15
LLaMA-30B RTN 81.76 30.12 58.21 54.10 42.94 6.71 35.00 69.31 58.25 44.33
INT3 GPTQ 7.064 48.12 71.46 74.89 76.73 66.39 43.20 78.35 70.80 66.24
BoA 4.575 49.57 74.75 81.87 79.21 73.77 46.20 79.38 74.19 69.87
RTN 5.802 49.40 74.16 78.07 79.48 66.67 44.00 79.87 73.16 68.10
INT4 GPTQ 5.188 51.45 75.67 80.18 79.69 70.38 45.40 79.43 73.64 69.48
BoOA 4.218 53.16 78.41 8272 81.95 75.96 49.40 81.88 75.06 72.32
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Table 10. Weight-only quantization performance on OPT models without transformation

Zero-shot Accuracy (1)

Model — Precision  Method — Wiki2 PPL (1) —ro-—3xco—Hg — H5  LAMB__OBQA _PIQA WG Averge
FP Baseline 27.65 2278 3998 5544 3135 3344 2800 6202 5028  40.41
RTN 1.0e4 2389 2731 3783 2596 000  27.00 5049 SLI4 3045
INT2  GPTQ 4113 2261 3152 3847 2716 018 2720 5218 5170 3138
OPT-125M BoA 85.63 2142 3215 4820 2850 686 2660 5647 4917  33.67
RTN 233.9 2201 3333 5294 2852 281 2840 59.19 S5L14 3479
INT3  GPTQ 50.75 2167 3384 5838 2041 1696 2540 5898 SLI4 3697
BOA 31.95 2295 3683 59.66 3067 2710 2880 60.34 50.83  39.65
FP Baseline 22.00 2389 4036 57.68 36.67 4047 2820 6474 5233 43.04
RTN 4.6¢3 2474 2765 3783 2687 000 2340 5283 5209  30.68
INT2  GPTQ 61.93 2253 3346 5728 2966 1070 2380 5675 5122 35.68
OPT-350M BoA 46.53 2201 3590 6232 3043 1185 2660 5898 5162  37.46
RTN 3591 2338 3699 5214 3400 3037 2700 6202 5162 39.69
INT3  GPTQ 25.25 2295 3847 60.58 3525 4138 27.60 6246 5122 42.49
BoA 23.96 2287 3876 6122 3530 3808 2840 6257 5328  42.56
FP Baseline 14.62 2952 5097 5783 5370 5519 3340 7247 5951 5157
RTN 1.6e4 2423 2475 5119 2651 000 2900 5229 50.04 3225
INT2  GPTQ 177.4 2278 3178 5706 2813 637 2480 5375 4870  34.17
OPT1.3B BoA 31.65 2270 37.67 6217 3465 1802 2680 6148 5178 39.41
RTN 754.8 2534 3472 5217 3631 1025 2720  60.07 5178 3723
INT3  GPTQ 1935 2713 4343 5425 4723 3630 2040 6801 5430 4501
BOA 15.77 2739 4874 5899 5009 5150 3060 69.37 5730 4925
FP Baseline 1247 3131 5438 6040 60.62 5978 3520 7481 6101  54.69
RTN 2.7e5 2611 2673 6217 2677 000 2920 5087 5107 3412
INT2  GPTQ 135.5 2466 3371 6028 3362 1762 2700 5773 50.59  38.15
OPT2.7B BOA 22.30 2577 4162 6226 4200 3376 2880 6208 5296  43.66
RTN 170.5 2526 3834 5651 3664 1461 2980 6627 53.04  40.06
INT3  GPTQ 15.64 2927 49.07 4590 5179 4292 3300 69.80 S57.54  47.41
BoA 13.63 2910 5290 6529 5586 5694 3400 7203 60.06  53.27
FP Baseline 10.86 3473 6002 6606 67.16 6550 3740 7650 6543  59.10
RTN 2.9e4 2500 2538 37.83 2666 000 2920 5000 5146  30.69
INT2  GPTQ 95.95 2321 3375 6177 3209 1625 2580  57.02 5201  37.74
OPT-6.7B BOA 20.57 2824 4731 6180 47.00 3409 3320 6687 S57.54  47.01
RTN 53.76 2773 4087 5095 4867 2832 3120 6817 5312 43.63
INT3  GPTQ 12.05 3251 5640 5453 6249 5599 3660 7421 60.85  54.20
BoA 11.25 3276 5732 6685 64.53  63.64  37.60 7557 64.00  57.80
FP Baseline 10.13 3575 6187 6584 69.87 6598 3900 7688 65.11  60.04
RTN 4.7e4 2679 2664 4040 2625 000 2740 4978  50.04 3091
INT2  GPTQ 49.40 2628 37.04 6214 4160 2907  27.60  61.04 5217 42.13
OPT-13B BOA 15.34 2927 4895 6278 53.63 4471 3260 6850 S58.64  49.89
RTN 40.46 2747 3872 6254 5121 2944 2680  63.38 49.88  43.68
INT3  GPTQ 1111 3456 5951 6245 6481 5857 3600 7492 6354  56.80
BoA 10.39 3430 5993 6994 6695 6661  37.60 7595 6693  59.78
FP Baseline 9.557 3805 6536 7046 7227  67.85 4020 7807 6843  62.59
RTN 4.2e4 2679 2555 3783 2588 000 2860 5060 5122 30381
INT2  GPTQ 21.19 2799 4196 6245 4690 3948 3040 6572 5422 46.14
OPT-30B BoA 1115 3055 5581 6281 60.19 6039 3480 7247 62.67  54.96
RTN 86.63 2432 3506 5798 3807 1217 2600 5990 5200 3820
INT3  GPTQ 10.14 3490 6170 6697 6934 6370 4040 77.26  67.01  60.16
BOA 9.744 3626 6263 7028 7052 6886 4020 7775 67.17  6LT1
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D.2. Comparison with Transformation-based Methods

We compare the weight-only quantization performances of the proposed BOA and existing transformation-based methods.
For conventional methods, we ran the official codes provided by the authors and reported the obtained results. For
OmniQuant (Shao et al., 2023) and AffineQuant (Ma et al., 2024), we activated both learnable equivalent transformation
(LET) and learnable weight clipping (LWC) options. For AffineQuant, we did not activate the use-1n-matrix option
because this adds extra affine transformation between the normalization layer and linear layers, which incurs additional
processing time during the inference. QuaRot-RTN and QuaRot-GPTQ mean that RTN and GPTQ have been applied
for the weight quantization after transforming models via QuaRot (Ashkboos et al., 2024). For DuQuant, we report the
results obtained with and without activating the LWC option as in the original paper (Lin et al., 2024). When measuring
the performance of the proposed BOA, we also transformed the model for fair comparison. We applied QuaRot for the
transformation because QuaRot does not require training and incurs no extra costs during the actual inference (Ashkboos
et al., 2024).

In this appendix, we provide the results for the INT3 weight quantization of LLaMA?2 and LLaMA3 models (see Table 11)
and the results on LLaMA1 models (see Table 12).

Table 11. INT3 weight-only quantization performance on transformed LLaMA?2 and LLaMA3 models

Zero-shot Accuracy (1)

Model Precision Method WIK2PPL (1) —grc—AweBQ — HS LAMB OBQA PIQA WG  Average
FP16 Baseline 5.473 4590 7466 7792 7594  70.86 4400 7889 6890  67.13
OmniQuant 6.640 39.59  65.66 69.82 7009  57.58 3840 7601 6488  60.25
AffineQuant 6.468 4036 68.01 7086 7032  61.87 3860  76.12 6527  61.43
QuaRot-RTN 129.2 2346 3060 37.83 2930 475 2440 5310 5020 3171
LLaMA2-7B INT3 QuaRot-GPTQ 6.122 4096  70.16 7330 7144  67.63 4140 7742 6748 6372
DuQuant 6.831 4113 6759 6936 7052 6225 4140 7601 6535  61.70
DuQuant + LWC 6.226 4070 69.15 7477 7097 6406 4240  77.04 6685  63.24
BoA' 5.874 4206 7117 7373 7229  69.85 4160 7737 6748  64.44
FP16 Baseline 4.885 49.06  77.65 8049 7938 7341 4580  80.69 7222  69.84
OmniQuant 5.593 4480 7172 7529 7563 6494 4320 7867 6930 6544
AffineQuant 5.526 4573 7374 7134 7479 6556 4300 7715 6701  65.54
QuaRot-RTN 48.06 2201 3472 6214 3344 780 2660 5767 5051  36.86
LLaMA2-13B INT3 QuaRot-GPTQ 5.382 4701 7542 7884 7570 7214 4460 7856 7001  67.79
DuQuant 5.749 4488 7210 7991 7537 6823 4300 7780 7072  66.50
DuQuant + LWC 5.414 46.67 7462 7792 7593 68.63 4380 7998 6875  67.04
BoA't 5.202 4829 7639 7945 7623 7319 4520 7867 7096  68.55
FP16 Baseline 6.137 5367 7761 8119 7915 7223 4500 8101 7324  70.39
OmniQuant 11.75 3737 6094 6557 6681  33.02 3480 7149 5959  53.70
AffineQuant 11.63 3797 63.64 6492 6742 3395 3620 7198 6030  54.55
QuaRot-RTN 38.64 2372 3822 5128 4753 23.63 3360 6235 6204  42.80
LLaMA3-8B INT3 QuaRot-GPTQ 7.490 4787 7449 7844 7467 6743 4000 7807 7238  66.67
DuQuant 11.35 3584 5337 6456 6556 4952 3620 7225 6590  55.40
DuQuant + LWC 10.78 31.66 4659 6465 6525 4129 3800  70.13  61.80  52.42
BoAf 7.145 49.06 7740 8049 7454 6920 4300 7851 7253  68.09
FP16 Baseline 13.15 3814 6326 6951 6078 5438 3460 7437 5951  56.82
OmniQuant 26.61 3131 5139  63.67 49.18 1883 2960  67.57 5549 4588
AffineQuant 26.43 3200 5248 6431 4871 2067 2620  67.57 52.88  45.60
QuaRot-RTN 98.24 2406 3603 6196 3531  7.68 2860 5914 5162 3805
LLaMA3.2-1B INT3 QuaRot-GPTQ 16.56 3242 5795 6410 5248 4379 3220 6899 5714  SLI3
DuQuant 2.1e4 2526 2567 4135 2668 000 2780 4951 4878  30.63
DuQuant + LWC 274 2568 2673 4073 2534 000  29.00 4940 5209 3112
BoAf 15.73 3242 5795 6624 53.86 4874 3320  70.18 57.06  52.46
FP16 Baseline 11.04 46.16 6780 78.62 7044 6215 3600 7552 6740  63.01
OmniQuant 16.97 3601 5758 7147 5957  39.07 3400 6931 6022 5342
AffineQuant 16.79 3643 5657 7297  59.19 4007 3520  70.13  60.06  53.83
QuaRot-RTN 89.54 2201 3279 5908 3618 482 2500 5435 53.67  35.99
LLaMA3.2-3B INT3 QuaRot-GPTQ 13.58 3831 5896 7572 6459 5459 3580  70.18 6496  57.89
DuQuant 18.92 30.55 4832 7171 6034 4054 3240 6654 6038  51.35
DuQuant + LWC 15.18 3720 5833 7202 6122 4458 3340 7002 5998  54.59
BoA 12.97 4249 6574 7890 6559  58.40  34.80 7307 6346 6031

T BOA has been applied after transforming the model via QuaRot.
* The LET option has been deactivated because this option does not support models exploiting GQA.
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Table 12. Weight-only quantization performance on transformed LLaMA models

Zero-shot Accuracy (1)

Model Precision Method WIK2PPL (1) —go—RreeBQ  HS  LAMB OBQA PIQA WG Average
FP Baseline 5.677 4471 7294 7505 7621  70.66 4440  79.16 7001 66.64
OmniQuant 15.74 2628 4571 6193 4266 1743 2900 6240 5217 4220

AffineQuant 11.93 2722 4933 6251 4926  23.57 3220  62.89 5406  45.13
QuaRot-RTN 1.0e4 2790 2639 37.83  26.03 0.00 2160 4924 4949 2981

INT2 QuaRot-GPTQ 11.53 2645 4575 6248 4823 3737 3280 6567 5746  47.03
DuQuant 9.4¢3 2833 2689 4642 2624 0.00 2120 5071 5162 3143

DuQuant + LWC 12.39 2773 4937  63.03 4988  23.65 31.80  64.96  56.75 45.90
LLaMA-7B BoOAT 9.812 30.63 5488 6355 5220 4650 33.00 68.72  61.01 51.31
OmniQuant 6.463 38.74 6696 7235 69.84  62.79 4000 7720 6669  61.82

AffineQuant 6.392 39.68 6646 7287 7052  64.99 3940 7742 6504  62.05
QuaRot-RTN 24.03 2986 53.11 61.13 5030  24.53 3140 6937 5730 4713

INT3 QuaRot-GPTQ 6.166 4309 7037 7202 7218 6534 4320 7829  68.19 64.09
DuQuant 6.976 3737 6423 7113 7081 6045 3920 7639 6598  60.70

DuQuant + LWC 6.328 38.74 6620 7373 7124  63.78 4240 7731 6851 62.74

BoAT 6.091 4104  68.18 7177 7226  69.32 4040 7818  68.67  63.73

FP Baseline 5.090 4770 7475 7795  79.07  73.66 4480  80.14 7277 68.86
OmniQuant 13.29 2969 5379 6229 5531  19.52 31.60 7029  57.14 4745

AffineQuant 10.65 28.75 5354 6557 53.03 3073 3400  68.12 5935  49.14
QuaRot-RTN 4.1¢3 28.16 2647 37.83 2572 0.00 2260 5125 4846  30.06

INT2 QuaRot-GPTQ 9.331 31.06 5859 6379 5496 4554 3520 6997 6330  52.80
DuQuant 6.2¢3 2594 2593 39.66  26.70 0.00 23.60 5087 5162  30.54

DuQuant + LWC 8.770 31.74 5838 6627 6098  44.46 3700 7220 6219 5415
LLaMA-13B BoAT 8.341 33.19  63.64 7144 6075 5630 3700 7193 65.90 57.52
OmniQuant 5.671 4505 71.13 7544 7535  66.82 4440 7856  69.46  65.78

AffineQuant 5.615 4300 7079 7483 7499  68.95 4340 7976 6938  65.64
QuaRot-RTN 7.082 3737 60.14 7318 6793 5642 3560 7622 66.14  59.13

INT3 QuaRot-GPTQ 5471 4437 7163 7694 7559 7245 4300 7802 7151 66.69
DuQuant 5.923 4394 7012 7440 7576  68.33 4200 7856 7206  65.65

DuQuant + LWC 5.554 4531 7197 7278 7585  69.81 4500 7949  70.64  66.36

BoA' 5.411 4556 7281 7560 7595 7271 4520 7927  71.03 6727

FP Baseline 4.101 5200 7896  82.69 82.63 7547 4820 8226 7577 7236
OmniQuant 8.598 3345 5737 6284 5921 3936 3720 7002 60.14 5245

AffineQuant 7.267 38.14 6507 7333 6761 5375 38.60 7421 6496  59.46
QuaRot-RTN 3.8¢3 2577 2652 37.83 2580 0.01 2380 5169 47.83 29.91

INT2 QuaRot-GPTQ 7.283 39.08 6801 6544 6554  58.15 3840 7339 6756 5945
DuQuant 5.7¢3 27.13 2698 3875 26.76 0.00 2620  49.89  49.17 30.61

DuQuant + LWC 7.706 3848 6460 7000 6756  48.08 3640 7296  65.11 57.90
LLaMA-30B BoAT 6.525 4147 6801 6465 67.63  66.31 41.00 7421 7032 61.70
OmniQuant 4.766 50.09 7618 7991 7958  70.79 4520 7992 7443 6951

AffineQuant 4729 5060 7681  79.85  79.60  72.83 4460 8052 7474  69.94
QuaRot-RTN 6.355 37.80 6532 6798 6479  47.46 38.80 7280 6717 5777

INT3 QuaRot-GPTQ 4.759 4923 77.19 8122 7997 7598 4520 8041  75.61 70.60
DuQuant 5.066 4949 7471 7997 79.87 7278 4640 7954 7451 69.66

DuQuant + LWC 4.634 4932 7517 8135 8026  72.29 4620 8101 7372  69.92

BoOAT 4.602 5273 7723 80.83 80.04 7591 4560  80.79  76.16  71.16

T BOA has been applied after transforming the model via QuaRot.
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D.3. Weight-Activation Quantization Results

We evaluate the weight-activation quantization performances of the proposed BOA. As in prior works (Shao et al., 2023; Ma
et al., 2024; Lin et al., 2024; Ashkboos et al., 2024; Liu et al., 2024), we apply per-token nearest-rounding quantization
for input activations and KV caches. We use the notation “WxAyKVz’ to denote the x-bit weight quantization, y-bit
input activation quantization, and z-bit KV cache quantization. When measuring the performance of RTN, GPTQ, and
the proposed BOA, we use SpinQuant for the model transformation as SpinQuant outperforms QuaRot by optimizing the
transformation for the activation quantization (Liu et al., 2024). When optimizing the rotation matrix in SpinQuant, we
quantize both weights and activations for SpinQuant-RTN and quantize only activations for SpinQuant-GPTQ and the
proposed BOA, as in the original paper (Liu et al., 2024). In this appendix, we provide the results on LLaMA3 models for
various quantization configurations.

Table 13. Weight-activation quantization performance on the transformed LLaMA3-8B

Zero-shot Accuracy (1)

Precision Method WIki2PPL (1) —re e Ace  BQ HS  LAMB _OBQA PIQA WG  Average
FP16 Baseline 6.137 5367 7761 8119 7915 7223 4500 8101 7324 7039
OmniQuant 2.9¢5 2594 2622 3850 2486 0.00 2800 5044 4933 3041

AffineQuant 3.2e5 2662 2630  38.13 2562 0.00 2960 4951 5257 3104

SpinQuant-RTN 28.38 2577 3552 6211  37.55 1889 2420 5642 5185  39.04

W2A4KV16  SpinQuant-GPTQ 26.35 2338 3830 6043  37.34 1644 2620 5871 5351  39.29
DuQuant 4.5¢5 2577 2597 4309 2609  0.00 2700 5185 5083 3133

DuQuant + LWC 4.4e4 2628 2710 3838 2581  0.00 2800 5049 5012 3077

BoAT 17.31 2782 4752 6327 4454 2727 2940  61.86 5454 4453

OmniQuant 2.7e4 2679 2605 3862 2543 0.00 2620 50.16 5036 30.45

AffineQuant 3.0e4 2645 2525 3862 2520  0.00 3000 5076 4941 3071

SpinQuant-RTN 21.27 2705 4293 6275 4502 2707 2900 6202 5225 4351

W3A3KV16  SpinQuant-GPTQ 20.49 2696 4040 5477 5047 2617 3180 6213 5335 4326
DuQuant 280.8 2329 2942 4141 3084 137 2640 5109 5122 3188

DuQuant + LWC 783.1 2235 2757 3807 2805 0.8 2700 5174 5059  30.69

BoAT 17.56 3166 4588 5798 5355 3256 3200 6534 5217 4639

OmniQuant 142.4 244 3502 4165 3369 246 2760 5490 5114 33.61

AffineQuant 1445 2543 3270 4517 3372 283 2520 5658 4996 33.95

SpinQuant-RTN 8.229 4514 7210 7544 7407 5953 4080 7644 6788  63.93

W4A4KVI6  SpinQuant-GPTQ 7.636 4633 7231 7517 7269 6427 4280 7644 6827 6479
DuQuant 7793 4590 7146 7260 7436 6606 4240 7802  69.61  65.05

DuQuant + LWC 8.066 4420 7113 7401 7359 5855 4060 7633 6677  63.15

BoAT 7.496 4710 7205 7498 7422 6629 4200 7633  69.53 6531

OmniQuant 188.2 278 3232 4339 3169 201 2540 5479 5020  32.82

AffineQuant 215 261 3123 4098  31.06 153 2460 5577 5028 3226

SpinQuant-RTN 8.503 4206 6940 7278 7269 6050 3840 7421 6519  61.90

WA4A4KV4  SpinQuant-GPTQ 7.869 4556 7332 7107 7388  63.03 3980  77.04 6859  64.05
DuQuant 8.000 4599 7088 7401  73.67 6432 4100 7655 6890  64.42

DuQuant + LWC 8.402 4480 7029 7382 7369  58.61 3900 7508 6677 6276

BoAT 7.705 4520 7454 7281 7409 6572 4360 7153 6669  65.03

T BOA has been applied after transforming the model via SpinQuant.
" The LET option has been deactivated for OmniQuant and AffineQuant because this option does not support models exploiting GQA.
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Table 14. Weight-activation quantization performance on the transformed LLaMA3.2-1B

Zero-shot Accuracy (1)

Precision Method WIki2 PPL (1) — e RreeBQ AS  LAMB _OBQA PIQA WG  Average
FP16 Baseline 13.15 38.14 6326  69.51 60.78 5438 34.60 74.37 59.51 56.82
OmniQuant 2.5e3 24.83 26.85 37.83 2601 0.00 29.00 5234 51.78 31.08
AffineQuant 6.1e3 25.00 2673 3789  25.64 0.00 26.80 52.18 50.36 30.58
SpinQuant-RTN 93.90 23.63 3262 5459 2871 7.51 24.60 5343 50.75 34.48
W2A4KV16  SpinQuant-GPTQ 104.4 21.59 32.28 50.83  30.11 7.55 26.20 53.75 49.96 34.03
DuQuant 1.0e5 26.28 25.04 46.61 26.39 0.00 29.40 49.13 47.51 31.30
DuQuant + LWC 1.0e4 26.88 24.54 3804 2578 0.00 28.00 50.98 50.43 30.58
BoA T 59.95 2398  37.04 5468  32.02 9.33 27.00 56.04 5241 36.56
OmniQuant 7.1e3 2679 2660 3820 2524 0.00 29.20 51.03 48.93 30.75
AffineQuant 5.6e3 2739 2677 3838 2559 0.00 29.40 49.89  49.09 30.81
SpinQuant-RTN 5743 2423 33.75 5376 3259 12.11 25.40 5386 49.72 35.68
W3A3KV16  SpinQuant-GPTQ 57.52 23.38 36.07 4893 3513 10.89 27.40 5582 47.12 35.59
DuQuant 2.9e4 2509 2614 40.00 2594 0.01 28.40 50.49 50.75 30.85
DuQuant + LWC 1.2¢4 25.17 2521 3933 25.65 0.00 27.20 51.85 51.22 30.70
BoAT 48.47 23.81 38.97 53.21 35.55 13.90 26.80 54.84 52.49 37.45
OmniQuant 156.0 2423 3266  47.89 3115 0.84 27.20 54.84 50.12 33.62
AffineQuant 155.8 23.63 3514 4786 3061 0.97 28.80 5452 4830 33.73
SpinQuant-RTN 17.66 32.25 5480  63.30  53.38 40.69 30.80 68.93 53.75 49.74
W4A4KV16  SpinQuant-GPTQ 16.68 3379 5556 6477  55.08 41.35 33.40 68.28 54.85 50.89
DuQuant 2.3e4 26.37 2647 4028 2640 0.01 30.00 4859  48.38 30.81
DuQuant + LWC 1.9e4 26.19  26.81 40.31 25.48 0.00 26.00 50.76  47.12 30.33
BoAT 16.25 33.62 5812 6572  55.06 4428 31.80 69.80 55.64 51.76
OmniQuant 219.2 23.55 31.82 45.47 29.46 0.79 28.00 51.52 48.22 32.35
AffineQuant 222.0 23.46 3274 4853 29.17 0.64 30.20 52.88 52.64 33.78
SpinQuant-RTN 19.68 32.25 52.86  61.71 50.74 34.91 31.60 66.65 5343 48.02
W4A4KV4 SpinQuant-GPTQ 1831 3072 55.18 6190 5291 39.13 31.80 67.30 51.93 48.86
DuQuant 2.0e4 2560 2597 39.91 26.03 0.00 27.80 49.02 50.36 30.59
DuQuant + LWC 1.7e4 27.05 26.01 3896  26.07 0.01 28.40 49.73 49.41 30.71
BoAT 17.83 3294 5602 6416  53.16 40.41 31.60 68.93 56.04 50.41
T BOA has been applied after transforming the model via SpinQuant.
" The LET option has been deactivated for OmniQuant and AffineQuant because this option does not support models exploiting GQA.
Table 15. Weight-activation quantization performance on the transformed LLaMA3.2-3B
L. . Zero-shot Accuracy (1)
Precision Method WIki2 PPL (1) — A BQ HS LAMB (y)BQA PIQA WG Average

FP16 Baseline 11.04 46.16  67.80  78.62  70.44 62.15 36.00 75.52 67.40 63.01
OmniQuant 5.8¢3 2594 2681 37.89 2583 0.00 28.80 50.44  49.80 30.69
AffineQuant 5.6e3 2389 2664 3841 25.74 0.00 26.00 4956  49.49 29.97
SpinQuant-RTN 46.31 2406  31.14 5187 3141 12.70 26.60 55.39 50.99 35.52
W2A4KV16  SpinQuant-GPTQ 68.74 2312 3245 3829  31.84 9.53 27.20 54.95 51.30 33.59
DuQuant 1.2e5 2594 2475 39.91 26.77 0.00 29.20 51.63 49.80 31.00
DuQuant + LWC 1.2¢3 2491 25.63 3783  26.16 0.00 28.40 5272 48.07 30.47
BoAT 34.25 24.57 36.28 6024 3857 17.38 29.40 57.56 52.49 39.56
OmniQuant 1.2¢4 2500 2656 3795 25.84 0.00 27.20 49.73 51.14 30.43
AffineQuant 1.0e4 2577 2572 3813 2621 0.00 28.20 50.05 49.72 30.48
SpinQuant-RTN 36.37 24.23 3552 5566  36.04 15.19 26.80 5778 49.72 37.62
W3A3KV16  SpinQuant-GPTQ 27.23 28.33 4070 60.73  44.15 21.53 28.20 58.16 54.06 41.98
DuQuant 564.6 22.01 27.02 4321 29.68 0.94 27.00 50.60 52.80 31.66
DuQuant + LWC 82.65 23.04  31.61 4875 3324 3.01 28.80 5332 5343 34.40
BoAT 23.76 28.75 44.53 60.98  46.08 29.32 28.40 60.07 54.22 44.04
OmniQuant 131.8 2457 3455 4875 36.10 321 27.00 56.37 51.07 35.20
AffineQuant 131.8 23.55 3460  47.65 35.80 3.01 27.80 56.26  49.57 34.78
SpinQuant-RTN 12.42 38.23 60.94 7269  64.68 55.02 31.60 71.22 61.09 56.93
W4A4KV16  SpinQuant-GPTQ 11.87 39.51 63.05 7431 66.42 56.57 35.80 71.22 62.83 58.71
DuQuant 13.91 3840  59.93 7459 6643 53.84 36.60 70.73 60.46 57.62
DuQuant + LWC 13.32 38.23 60.73 7529 6593 51.58 36.40 71.87 63.38 57.93
BoAT 11.57 40.70  63.68 7550  66.86 56.77 36.00 70.24 63.61 59.17
OmniQuant 169.1 23890 3422 4376 3236 1.62 26.20 5424 50.51 33.35
AffineQuant 197.1 2142 32.87 4220 3170 1.25 27.00 5522 50.75 32.80
SpinQuant-RTN 12.96 39.16  61.87 7242 63.06 48.84 34.40 69.70 58.80 56.03
W4A4KV4 SpinQuant-GPTQ 12.24 39.33 61.91 72.32 65.56 54.57 35.20 70.13 61.33 57.54
DuQuant 14.65 39.51 60.02 7208 6576 52.54 34.00 69.53 62.19 56.95
DuQuant + LWC 13.84 38.99  59.68 72.05 64.76 49.18 35.60 70.40 61.56 56.53
BoAT 11.98 39.08 63.64 7422  65.60 5551 38.80 71.22 63.14 58.90

T BOA has been applied after transforming the model via SpinQuant.
" The LET option has been deactivated for OmniQuant and AffineQuant because this option does not support models exploiting GQA.
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E. Pseudocode for GPTQ

In this appendix, we provide the pseudocode of the conventional GPTQ (Frantar et al., 2023), which is omitted in the main
manuscript due to the page limitation.

Algorithm 2 GPTQ
Input: weights W, Hessian information U, and pre-determined step size S
1: Initialize quantized output: Q < Og,,, xd.,
2: Initialize quantization errors: E <— 04, xd.,
3: forj =0, ,deo — 1 do
Quantize the j-th column: Q. ; < quant(W. ;, S)
Estimate quantization error: E. ; < (W. ; — Q. ;)/[Ucoll;,;
Update weights: W. ;. <+~ W_ ;. — E. ; - [Ugq; j:
end for
Output: quantized weights Q, quantization error E

N>R
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