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Abstract

Post-training quantization (PTQ) is widely used to
compress large language models without retrain-
ing. However, many existing weight-only methods
rely on heuristic objectives and greedy rounding
strategies, leading to noticeable degradation under
low-bit quantization. We propose OJBKQ, a layer-
wise PTQ method that formulates weight quanti-
zation as a joint optimization problem over activa-
tions and weights, yielding a multiple-right-hand-
side box-constrained integer least squares (BILS)
problem per layer. To solve this NP-hard problem,
we extend Klein’s randomized variant of Babai’s
nearest-plane algorithm to handle box constraints
and run the extended algorithm K times to generate
K box-constrained Klein points. The minimum-
residual candidate among these points and the box-
constrained Babai point is selected as a suboptimal
solution. Experiments on large language models
show that OJBKQ achieves lower perplexity at 3—4
bits than existing PTQ methods, while maintaining
comparable computational cost.

1 Introduction

Large Language Models (LLMs) [Achiam et al., 2023;
Touvron et al., 2023; Comanici ef al., 2025] pose substan-
tial deployment challenges due to their massive memory
footprint and inference costs [Chen et al., 2023]. Layer-
wise post-training quantization (PTQ) [Frantar ez al., 2023;
Lin et al., 2024; Chee et al., 2024] has become a widely
adopted compression standard, enabling efficient deployment
by sequentially quantizing parameters without retraining. In
this work, we focus on standard and practically relevant 4-
bit and 3-bit settings (e.g., group size 128) and study how
to further improve quantization quality beyond strong PTQ
baselines.

Despite its empirical success, layer-wise PTQ is a discrete
optimization problem. At its core, each layer-wise step tries

* A full version with appendix is available at https://arxiv.org/pdf/
2602.08376
*Corresponding author.

to solve an integer quadratic programming problem, typi-
cally handled using sequential rounding-type solvers. Re-
cent theoretical analyses [Chen erf al., 2025] reveal that stan-
dard solvers (e.g., GPTQ) admit a lattice-decoding interpre-
tation: they are closely related to Babai’s nearest-plane algo-
rithm [Babai, 1986], which finds the Babai point, a subopti-
mal solution to the closest vector problem (CVP), also known
as the ordinary integer least-squares (OILS) problem. More
precisely, the underlying optimization problem in PTQ is a
box-constrained integer least-squares (BILS) problem. How-
ever, when the lattice basis matrix is ill-conditioned or when
the dimension is large, the residual associated with the Babai
point may be significantly larger than the optimal residual.
Thus, it is desirable to find a better sub-optimal solution. Fur-
thermore, minimizing a layer-local proxy loss does not nec-
essarily lead to better end-to-end quantization due to error
propagation and input distribution drift. Consequently, the
selection objective used to compare and choose among can-
didate solutions is as crucial as the solver itself, yet remains
inconsistent across existing methods.

In this paper we propose OIBKQ (Objective-Joint Babai—
Klein Quantization with (K+1)-Best Sampling), a unified
framework that addresses both issues. (i) Joint Target Align-
ment (JTA): To better align layer-wise decisions with end-to-
end behavior under error propagation, we introduce a unified
candidate scoring objective (Eq. (7)) with a single continuous
knob. JTA interpolates between two fundamental alignment
targets: matching the runtime quantized activations induced
by the partially-quantized network, and matching the corre-
sponding full-precision reference outputs [Arai and Ichikawa,
2025]. The formulated quantization problems at each layer
are multiple-right-hand-side BILS problems. (ii) Random-
K quantization: For each column of the weight matrix in
a BILS problem, we apply the box-constrained Babai algo-
rithm to obtain one sub-optimal solution (a low-bit vector
candidate). For the same column, we then extend Klein’s K-
time randomized Babai algorithm [Klein, 2000] to the box-
constrained case to generate K additional sub-optimal so-
lutions independently. Among these K + 1 candidates, we
select the one which has the minimum residual, referred to
as the best Babai—Klein point. There are two levels of par-
allelization. One across the columns of the weight matrix
and the other across the K points produced by the box-
constrained Klein algorithm. Both can be implemented ef-
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ficiently.

In OJBKQ, Random-K expands the quality of the candi-
date set, while JTA improves the selection of the optimal can-
didate.

Our contributions are summarized as follows:

* Quantization Formulation. We revisit layer-wise PTQ
from a CVP perspective and reformulate it as an explicit
lattice-decoding problem. This enables a faithful Babai-
style implementation that operates via triangular factors
and back-substitution, without materializing any matrix
inverse.

Superior Sub-optimal Solution. We extend Klein’s
randomized algorithm to the box-constrained case and
apply it to PTQ. By combining the Babai solution with
K parallel runs of the extended Klein randomized Babai
algorithm, we generate K + 1 integer candidates and
select the one with the smallest residual, yielding low
perplexity in both 4-bit and 3-bit configurations. In de-
signing and implementation of our numerical algorithm,
we take both accuracy and efficiency into account. For
example, unlike GPTQ, no inverse of a matrix is com-
puted. To reduce the overhead of multiple independent
solves, we develop a GPU-efficient algorithm presented
as Algorithm 2 in the appendix of the full version.

JTA Candidate Selection. We propose the Joint Tar-
get Alignment (JTA) objective, a unified scoring crite-
rion that subsumes commonly used PTQ objectives as
special cases by varying the alignment target between
runtime-quantized and full-precision references, provid-
ing a more fine-grained criterion for candidate selection
under error propagation.

2 Related Work

Layer-wise post-training quantization (PTQ). Post-
training quantization is a practical standard for compressing
large language models without retraining. Following recent
PTQ taxonomies [Zhao er al., 2025], mainstream weight-
only PTQ methods can be broadly grouped by their dominant
mechanism. Compensation-based approaches, exemplified
by GPTQ [Frantar er al., 2023], quantize weights sequen-
tially while updating the remaining weights to compensate
for accumulated quantization errors, often leveraging second-
order curvature surrogates estimated from calibration data.
Rotation-based methods such as QulP [Chee et al., 2024]
apply structured transformations to reshape weight distribu-
tions and improve quantizability under low-bit constraints.
Salience-based methods, represented by AWQ [Lin ef al.,
20241, reduce quantization error by selecting scaling factors
according to activation/weight importance, avoiding mixed-
precision deployment. In addition, optimization-based ap-
proaches (e.g., OmniQuant and PoTPTQ) [Shao et al., 2024;
Wang et al., 2025] directly optimize quantization parameters
with lightweight objectives while keeping pretrained weights
frozen. Overall, existing PTQ pipelines mainly differ along

Although it is classified as PTQ in the survey, it still requires
training on the calibration dataset to find scales.Then we exclude it
from our baselines

two orthogonal axes: (i) the approximate solver used to
handle the discrete subproblem, and (ii) the objective used to
evaluate candidates and guide selection.

Integer least squares and Babai-type solution. CVP or
OILLS arises in lattice decoding [Agrell et al., 2002], lattice-
based cryptography [Micciancio and Goldwasser, 2002], and
GPS [Teunissen, 1993; Teunissen, 1995; Chang et al., 2005].
BILS mainly arises in MIMO detection [Damen et al., 2003;
Chang and Han, 2008]. The most practical approach for
OILS is the Schnorr—Euchner algorithm [Schnorr and Euch-
ner, 1994], which enumerates integer points in an ellipsoid to
find the optimal solution and has been extended for BILS. The
MATLAB package MILES provides solvers for various ILS
problems [Chang, 2022]. Since OILS and BILS are NP-hard
[Emde-Boas, 1981; Verdd, 1989], in-'some applications effi-
cient sub-optimal solutions are often applied. A widely used
method is Babai’s nearest-plane algorithm [Babai, 1986],
which computes the Babai point by back substitution on an
upper-triangular linear system, where rounding is performed
at each step. Actually, the algorithm is exactly the size-
reduction procedure-of the LLL algorithm [Lenstra er al.,
1982], and it has been extended to the box-constrained case.
While computationally efficient, when the coefficient matrix
is ill-conditioned, or when the dimension of the integer vector
is large, the Babai point may have much larger residual than
the optimal solution. There are other sub-optimal algorithms,
such as those proposed in [Barbero and Thompson, 2006;
Chang et al., 2024], but they are not suitable for GPU com-
puting. Fortunately, there is a randomized version of the
Babai algorithm proposed in [Klein, 2000]. In each step of
the Babai algorithm, instead of rounding the real solution to
the nearest integer, Klein’s algorithm rounds it to a nearby
integer according to a predefined distribution. When the al-
gorithm is run K times, it generates K integer points. Then
the best one, which gives the minimum residual, is chosen as
the final sub-optimal solution. This algorithm is for the un-
constrained case and has not yet been widely used. Recently,
the connection between sequential PTQ solvers and the Babai
point has gained attention [Chen et al., 2025]. Some similar
work can be found in the GPS literature [Teunissen, 2003;
Chang et al., 2005]. This paper emphasizes that the PTQ
problems can be modeled as BILS problems so that sub-
optimal BILS algorithms can be applied.

Objectives under error propagation and distribution
drift. A recurring challenge in layer-wise PTQ is that min-
imizing a layer-local reconstruction proxy does not neces-
sarily translate to improved end-to-end quality, due to quan-
tization error propagation and the resulting input distribu-
tion drift across layers. Consequently, the choice of the
alignment target—whether to match outputs under runtime
(partially-quantized) activations or to match full-precision
reference outputs—plays a central role in practical PTQ per-
formance. Recent work revisits this issue from an error-
propagation viewpoint and advocates objectives that better
reflect downstream behavior under partial quantization [Arai
and Ichikawa, 2025]. Our JTA objective follows this per-
spective but provides a unified scoring criterion with a single
continuous knob that interpolates between runtime-quantized
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activations and full-precision reference targets, enabling con-
sistent candidate selection across layers.

3 Methodology

3.1 Layer-wise Objectives and Joint Target
Alignment (JTA)

We now analyze commonly used layer-wise PTQ objectives.
Consider a linear layer with full-precision weight matrix
W € R™*", Let X € RP*™ be full-precision calibration

activations, X € RP*™ be the corresponding runtime acti-
vations produced by a partially quantized network (i.e., up-
stream layers already quantized), Y := XW denote the
full-precision reference output, and Y := XW denote the
runtime-consistent reference output under partially quantized

activations. At runtime, a candidate W produces the output
Y = XW.

Many existing objectives can be interpreted as choosing
different alignment targets:

(Runtime-consistent)  min Hf(w ~XW|[% 1)
w

=IY-Y*E @
(Full-precision mapping) min HXW —-XW|%, 3)
w

(Mismatch target) min |XW — XW|% (@)
w

=Y -YP3. )

In these optimization problems, each column of W takes
values in a finite subset of a translated lattice. Specifically,

W has a special form; see Eq. (9). Later we will see these
are in fact BILS problems. Eq. (1) directly reflects runtime
behavior but aligns to a target computed on quantized ac-
tivations, which may be noisy; this objective is adopted by
GPTQ and QUIP. All three formulations above admit a con-
venient least-squares structure in their continuous relaxation
(i.e., before the integrality constraints are imposed), but suf-
fers from train—run mismatch when earlier layers are quan-
tized, and is optimized by AWQ. Eq. (4) partially alleviates
this mismatch by evaluating candidates on runtime activa-
tions while preserving the full-precision reference; QEP [Arai
and Ichikawa, 2026] employs. this objective as a corrective
patch within a layer-wise quantization pipeline, although it
may over-penalize candidates when error drift accumulates
across layers. These trade-offs motivate a unified selection
objective that interpolates between runtime-consistent and
full-precision references, while optionally controlling weight
drift.

We propose an expressive Joint Target Alignment (JTA) ob-
jective with a single continuous knob to score and select can-
didates generated by a random decoding. We define an inter-

polated target
Y () =(1- )XW +uXW,  pel0,1, (6

and formulate the optimization problem:

minS(W) = |XW = Y*(u)|} + MW -W]3. (7)

The knob g interpolates between matching full-precision and
runtime-consistent references, while \ optionally regularizes
weight displacement. In our framework, Random-(K + 1)
quantization (Sec. 3.4) finds a sub-optimal solution to (7),
and JTA (Eq. (7)) provides a consistent curvature-aware cri-
terion for selecting the best candidate under error propaga-
tion. When p=1 and A=0, Eq. (7) reduces to the runtime-
consistent objective in Eq. (1); when =0 and A=0, it aligns
to the full-precision reference in Eq. (4).

End-to-end layer-wise procedure. For each layer, we (i)

form X by a partially quantized forward pass, (ii) find a sub-
optimal optimal solution to Eq. (7), to be seen in the next sec-
tions. This closes the loop between discrete candidate gener-
ation and objective-aligned selection.

3.2 From Layer-wise Quantization to Integer
Least Squares

From (7) we obtain

oo AR 5]

AW ®

F
The task of finding an optimal quantized weight W to min-
imize the selection objective in Sec. 3.1 can be formally
mapped to the classical Integer Least Squares (ILS) problem.
For the derivation, we first introduce additional notation.
Let
B={0,1,...,2"" 1}

denote the box constraint corresponding to the set of admis-
sible integer values for a wbit-bit quantized weight. Let

Q = [q11q27~'~;qn] c Ban

denote the quantized version of the full-precision weight ma-
trix W. We further define

S =[s1,82,...,8,) ER™*" Z =[z1,29,...,2,] € Z™"

as the scale matrix and zero-point matrix, respectively. Both
S and Z, which have some structures (each s; and each z;
have several groups and the elements in the same group have
the same value), are pre-computed using standard statistical
calibration methods (e.g., absmax calibration).

Finally, the dequantized weight matrix is given by

W=S0(Q-2), )

where ® denotes element-wise multiplication.
To simplify notation in Eq. (8), we further define

A= Rﬂ T P&‘g{;)] bt .

It is easy to see that (8) can be rewritten as
—~ n 2
S(W) =Y ||AD;(q; —z;) — t,ll5,
j=1

where D; := diag(s;) € R"™*"™.
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As a result, the optimization problem in Eq. (7) decom-
poses into n independent BILS problems:

. 2
min [|[AD;(q; — z;) — t;l;,

=1,...,n. (10
quIB"l ] ’ 7n ( )

Since each subproblem is independent, we simplify nota-
tion by focusing on a single per-column subproblem:

min [|[AD(q —z) — t]3. (11
q€B7n

However, for computational efficiency, we need to keep in
mind that A is shared across the n BILS problems, while D
depends on each individual.

3.3 Babai-Based Quantization

The standard way to compute the box-constrained Babai
point, a sub-optimal solution to (11), is via the QR factor-
ization of AD. However, in the quantization application, the
dimensions of A are large, so we instead use the Cholesky
factorization to reduce the computational cost.

Let g € R™ denote the unconstrained real least-squares
solution of (11). The corresponding normal equations are
given by

DATAD(q—z) =DAt,

or equivalently
ATAD(q-z)=ATt. (12)

Denote v := D(q — z). To obtain v from (12), we first
compute the Cholesky factorization ATA = RTR, where
R is upper triangular. Then we solve two triangular linear
systems R'Tu = ATt and Rv = u.

After v is founded, we obtain the real least-squares solu-
tion of (11):

q=D"'v4+z=vQs+z,

where @ denotes element-wise division.
Denote R := RD. It is not difficult to verify that the BILS
problem (11) is equivalent to
B 12
Juin |R(q = @), - (13)
Then, we can find the optimal solution or some sub-optimal
solutions.

The algorithm which finds the box-constrained Babai point
of (13) is described in Algorithm 1. In the algorithm,

clamp(z; w;v) := min(max(z, u), v), (14)

i.e., the point in the interval [u, v] closest to x, Moreover, c(4)
is the real-valued quantity computed for q(2) at step ¢, assum-
ing that q(m), q(m —1),...,q(i+ 1) have been fixed during
back-substitution, and q(%) is then chosen as the integer in the
constraint B closest to c(¢).

3.4 (K+1)-Best Babai—-Klein-Based Quantization

Babai’s nearest plane algorithm is deterministic and makes
greedy local decisions during back-substitution, so an early
incorrect decision cannot be corrected later. Consequently,
the algorithm may return a lattice point far from the closest

Algorithm 1 Babai quantization with J7A

1: Compute s and z

2: Compute the Cholesky factorization: XX + \°I =
R'R

Solve the lower triangular system R"u = A "t and the
upper triangular system Rv = u.

(O8]

4: Computeq =V s+ z

5: Compute R = RD with D = diag(s)

6: c(m) = a(m) |

7: q(m) = clamp([c(m)]; 0,2""")

8 fori=m—1:—-1:1do

% c(i)=a(i)+ (X7 RG.J)(@0) -a() ) /RG. 1)
10:  q(i) = clamp(|c(i)]; 0, 2%t — 1)

11: end for

lattice point, especially when the lattice basis matrix is ill-
conditioned (or poorly reduced). The problem becomes more
serious when the dimension of the lattice basis matrix is large.
To address this limitation, Klein’s sampling algorithm [Klein,
2000] introduces controlled randomness into the rounding
process, enabling the algorithm to explore a richer set of lat-
tice points while maintaining polynomial-time complexity.

Klein randomized rounding. Like Babai’s original algo-
rithm, Klein’s original algorithm is for the unconstrained
case. However, we can easily extend it to deal with the
box constraint in our quantization application. In each back-
substitution step, instead of deterministic rounding such as
lines 7 and 10 in Algorithm 1, we sample q(4) from a distri-
bution concentrated around c(%):
Pr(q(i) = 1)

exp(—aR (i) (c(i) — £)?) vep 19

whit __ — I
Yo exp(—aR(i.i) (c(i) — 5)?)
where o > 0 controls the sampling temperature. Larger o
approaches greedy Babai; smaller o encourages exploration.
For this paper, we follow [Liu et al., 2011] design choices
where o = In(p)/ minj <; <., v and p is the solution of K =
(ep)(?™/P) . We refer to the integer vector obtained by the
extended Klein algorithm as a box-constrained Klein point.

By executing the extended Klein algorithm K times inde-
pendently, we obtain K box-constrained Klein points. We
then choose, among these K points and the box-constrained
Babai point, the one with the minimum residual as a final sub-
optimal solution to the BILS problem (13). We refer to sub-
optimal solution as the (K + 1)-best box-constrained Babai—
Klein point.

To get some idea about how the value of K affects the
residual of the (K + 1)-best box-constrained Babai—Klein
point, we give Figure 1, in which K0 means only the box-
constrained Babai is used as the sub-optimal solution. We
observe that typically larger K makes the objective smaller.

Parallel-Isolated (/{+1)-best Klein-Babai

We propose Parallel-Isolated (/X +1)-best Klein-Babai (PI-
Klein-Babai), a GPU kernel that evaluates K randomized
Klein-Babai instances together with one deterministic greedy
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Method 278 [2-13B L3-8B Q3-0.6B Q3-4B Q3-8B M-7B
BEI6  697/547  647/4838  893/6.13  25.28/2004  1653/13.67  13.239.72 _ 8.15/5.50
RTN 7720611 683520  12.09853 42203752 20.15/17.52  1554/11.97  8.96/6.12
GPTQ  7.11/5.62  6.56/4.99  941/6.54  30.79/2520  16.73/13.66  13.51/10.08  8.29/5.63
g128  AWQ  7.16/5.61  656/4.97  9.40/6.54  27.99/2589  17.18/18.43  13.51/10.02  8.28/5.61
W4A16 Ours(B)  7.15/5.63  6.56/4.99  9.38/6.52  28.35/23.48  18.20/13.97  13.42/9.97  8.27/5.60
Ours(R)  7.14/5.62  6.55/498  9.35/6.50  28.07/23.64  16.44/13.84  13.40/9.95  8.27/5.59
Ours 7.14/561  6.55/497  9.33/6.48  26.84/22.80  16.32/13.54  13.39/9.94  8.23/5.58
RTN 4e2/5¢2  12.50/10.68  4e2/2¢3 1e5/2e5 3e3/3¢3 5e2/7e2  19.65/14.88
GPTQ  7.92/644  6.99/543  12.25/835  43.60/41.54 18.16/15.19  1434/11.01  9.10/6.27
gl28  AWQ  7.90/625  695/533  11.63/8.19  39.60/36.88  19.75/16.83  14.97/11.23  8.89/6.07
W3A16 Ours(B)  7.88/633  698/541  11.52/8.19  47.23/4275  25.46/2036  14.44/11.11  8.87/6.06
Ours(R)  7.87/6.34  6.94/539  11.43/8.16  44.09/40.19  19.52/14.91  14.37/11.05  8.86/6.03
Ours 7.86/6.30  6.94/533  11.40/7.87  35.03/31.75  17.01/12.89  14.30/10.98  8.84/6.03
GPTQ  7.37/5.83  6.70/5.16  10.30/7.37  37.03/33.64  17.34/1434  13.99/10.65  8.53/5.81
AWQ  7.34/583  6.68/5.06  9.44/7.10  30.07/25.89  18.83/16.35  14.29/10.77  10.24/5.88
Wwaale QUIP  1254/1044  671/5.15  9.84/685  S141/47.10  182.16/12655 19.19/1485  9.69/6.65
Ours(B)  7.14/5.64  657/498  939/6.52  2835/2348  17.30/1430  13.41/997  8.28/5.62
Ours(R)  7.11/5.62  6.56/4.97  9.38/6.50  28.11/23.04  17.30/1430  13.41/9.96  8.27/5.60
Ours 710/5.60  6.56/4.96  9.33/648  2694/22.61  17.25/1427  1338/9.92  8.24/5.59
GPTQ  9.83/833  8.04/6.52  29.42/23.81  90.23/90.98  23.16/21.39  18.10/16.46  10.90/3.01
AWQ  15.62/1551  8.17/645  17.60/11.84  78.52/79.44  30.31/33.19° 18.36/14.97  10.27/7.65
wiale QUIP 27472805  7.17/557  1150/831 12126/112.09  23.02/19.74 - ~30.39/19.78  9.30/6.61
Ours(B)  7.88/6.30  6.97/542  11.52/8.17  47.23/4275  22.95/19.65 © 25.46/2036  8.78/6.09
Ours(R)  7.87/6.29  6.97/541  11.35/8.12  43.94/39.77  22.90/19.63  18.07/16.48  8.77/6.07
Ours 775/6.22  696/540  11.38/8.04  3556/32.95  22.87/19.56  18.05/14.75  8.72/6.06

Table 1: Perplexity comparison across different models and quantization methods. For each entry, the left value is evaluated on C4 and the
right value on WikiText-2. We denote our proposed methods as follows: OQurs(B) represents Babai-Based, Ours(R) represents (K +1)-Best
Babai—Klein-Based, and Ours represents (/{+1)-Best Babai—Klein-Based with Joint Activation-Target optimization. The model families are
abbreviated as: L2/L3 for Llama2/Llama 3, Q3 for the Qwen3 series, and M for Mistral. All activations are in BF16 format.

Babai instance in a single parallel pass, while keeping all
K41 residuals strictly isolated. Each instance owns a pri-
vate residual slot along a batch dimension, and the look-
ahead update from already-quantized coordinates to the re-
maining ones is fused across all K+1 instances into a single
batched matrix multiplication. This recovers the throughput
of a shared-buffer implementation without its correctness vi-
olation. Reserving the extra slot for the deterministic greedy
Babai solution guarantees its inclusion among the K +1 can-
didates, and the final quantization is selected using the unified
JTA score in Sec. 3.1. Klein-style JTA quantization, (K +1)-
best JTA quantization, and detailed kernel design, buffer lay-
out, and blocked update rules are shown in the full version

4 Experiments

To evaluate the effectiveness of our method, we conduct com-
prehensive experiments comparing it against commonly used
layer-wise quantization baselines. We first describe the base-
line methods, the large language models being quantized, as
well as the evaluation metrics and datasets. We then present
the experimental results, followed by a detailed analysis. To
ensure fair comparisons, we adopt the default configurations
of each baseline’s repo whenever possible.

Baselines We evaluate our method against state-of-the-art
quantization approaches, including AWQ [Lin et al., 2024],
GPTQ [Chen et al., 20231, and QUIP [Chee et al., 2024], and
additionally report round-to-nearest as a naive baseline for
perplexity. Although theortically, the K can be any positive

integer number, considering the trade-off between resource
usage and performance gain Figure2, we set the K as 5 in
our experiments. To ensure strong baselines, we enable ac-
tivation ordering for GPTQ. Calibration is performed using
128 samples from the C4 [Raffel et al., 2020a] dataset with a
sequence length of 2048 tokens. For all baselines, only mini-
mal modifications are made to accommodate the architectural
structures of newer LLMs, while their original algorithms and
configurations are kept unchanged.

Models We consider two major LLM families, Qwen [Yang
et al., 2025]and LLaMA [Touvron et al., 2023; Grattafiori et
al., 2024], together with Mistral-7B [Jiang er al., 2023]. This
selection covers diverse model families, reasoning capabili-
ties, and parameter sizes.

Metrics and Datasets To test the basic text generation abil-
ity, we use the perplexity to measure each quantized model on
C4 [Raffel et al., 2020a] and Wikitext2 [Raffel et al., 2020b].
Then we further evaluate on the zero shot accuary on ARC
[Clark er al., 2018], boolq [Wang et al., 2019], HellaSwag
[Zellers et al., 2019], PIQA [Bisk et al., 2020] and Wino-
Grande [Sakaguchi er al., 2021] For the last part, we test the
reasoning ablility on GSM-8K [Cobbe et al., 2021], GPQA-
diamond [Rein et al., 2023] and MBPP [Austin et al., 2021].
Except the evalution of PPL, all other tasks are evaluated on
LM-harness library [Gao et al., 2024]

Perplexity Table 1 reports perplexity (PPL) under group-
wise weight-only quantization with 16-bit activation. At 4-
bit, GPTQ and AWQ perform reasonably on large LLaMA
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Model  Method ‘ 4 bits 3 bits
‘ ARC-C  ARC-E BoolQ Hella PIQA Wino Average* ‘ ARC-C  ARC-E BoolQ Hella PIQA Wino Average*

BF16 51.71 80.89 81.77 60.56 78.84 73.40 71.20 51.71 80.89 81.77 60.56 78.84 73.40 71.20

m GPTQ 48.29 78.89 80.21 5947 7829 73.32 69.74 34.21 66.04 71.89 5526 7356 68.11 61.51
o AWQ 48.70 79.21 80.80 59.73 78.62 73.32 70.06 43.86 75.21 76.15 5579 7595 71.03 66.33
Pt QUIP 46.25 77.36 8193 58.76 77.53 73.09 69.15 41.38 71.34 77.68 55.67 76.12 71.67 65.64
E O(B) 48.46 78.53 81.04 60.00 78.18 73.16 69.90 41.81 71.71 76.73  56.71 76.88 71.35 65.87
~ O(R) 49.32 79.12 81.04 59.79 7824 72.30 69.97 41.30 73.48 7645  56.67 77.37 70.64 65.99
(6} 49.15 79.59 81.13 59.70 78.67 72.69 70.16 42.92 75.42 78.69 5573 71775 70.32 66.81

BF16 50.34 80.26 85.11 5229 7530 65.67 68.16 50.34 80.26 85.11 5229 7530 65.67 68.16

m GPTQ 47.57 77.90 8243 50.12 7443 6243 65.81 39.33 70.92 80.95 46.81 7092 61.64 61.76
< AWQ 46.29 77.32 83.23 5037 74.10 62.88 65.70 40.27 68.27 81.19 46.02 70.87 60.38 61.17
% QUIP 39.25 71.09 80.73 43.64 70.24 5991 60.81 24.15 47.81 67.86 33.72 6279 51.14 4791
2 O(B) 41.81 74.79 8346 47.61 73.12 5833 63.19 35.95 58.68 69.20 40.65 67.74 50.83 53.84
4 O(R) 44.28 74.03 8297 49.28 72.80 61.17 64.09 37.79 65.35 70.58 4339 67.25 53.99 56.39
(¢} 46.65 78.27 8431 4985 7421 6235 65.94 41.50 71.41 80.95 45.61 72.64 60.06 62.03

BF16 55.38 83.50 86.73 57.12 76.50 67.88 71.19 55.38 83.50 86.73 57.12 = 76.50 67.88 71.19

m GPTQ 54.27 82.74 86.73 56.62 7622 66.77 70.56 44.28 74.62 8333 5388 7595 67.56 66.60
0 AWQ 53.67 82.37 8593 5591 7579 68.75 70.40 50.56 80.93 8443 5280 7590 67.25 68.65
%’ QUIP 45.48 75.42 81.99 4472 69.53 62.67 63.30 40.27 71.93 77.37 4322 7133 59.83 60.66
z O(B) 53.75 82.20 86.02 5639 76.22 68.03 70.44 47.69 77.61 84.46  53.76 7476 67.35 67.61
=4 O(R) 53.41 82.36 86.02 5634 76.06 68.82 70.50 47.59 77.62 84.04 5388 7459 67.46 67.53
(6] 54.18 82.62 86.45 5570 76.39 68.59 70.66 47.27 78.41 “?4.23 76.27 67.90 68.08

Table 2: Zero-shot accuracy comparison on six common sense reasoning tasks across Llama3-8B, Qwen3-4B, and Qwen3-8B. The
evaluation is conducted under 4-bit and 3-bit quantization settings. We denote our proposed methods as: O(B) represents Babai-Based, O(R)
represents (K +1)-Best Babai—Klein-Based, and Ours represents (K + 1)-Best Babai-Klein-Based with Joint Activation-Target optimiza-
tion.The unquantized BF16 baseline is shaded in gray. For quantized methods, bold indicates the best result and underlining denotes the

second-best.
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Figure 1: Layer-wise MSE between the objectives in Eq. (1) and
our proposed JTA across Layers 1, 15, and 30 for all linear modules

under varying K settings.

models but degrade on harder architectures such as Qwen-
0.6B and LLaMA-3-8B, while RTN frequently diverges. Our
method consistently achieves the lowest or near-lowest per-
plexity across all model families, with clear gains in chal-
lenging regimes. This advantage is more pronounced at 3-bit,
where prior methods often suffer sharp drops or catastrophic
failures, whereas ours remains stable with smooth degrada-
tion relative to BF16. When group quantization is disabled

(group size = 0), baselines exhibit increased quantization er-
ror and numerical instability, especially on smaller models,
while our method remains stable and preserves low perplex-
ity across all architectures.

Zero-shot accuracy Table 2 compares BF16 and low-bit
PTQ methods across three model families under both 4-bit
and 3-bit settings. At 4 bits, all methods remain relatively
close to BF16, but our approach consistently achieves the
strongest or second-strongest performance across most tasks
and models, yielding the highest average accuracy for all
three backbones. Notably, the gains are more pronounced on
reasoning-heavy benchmarks such as ARC-C, ARC-E, and
Hella, indicating improved robustness beyond simple lexical
or pattern-matching tasks. When moving to the more chal-
lenging 3-bit regime, performance gaps widen substantially:
GPTQ and QUIP exhibit significant degradation, particularly
on ARC and Hella, while our method degrades more grace-
fully and maintains clear advantages in average performance.
This trend is consistent across model scales, from Qwen-
3-4B to Qwen-3-8B, suggesting that the proposed approach
scales favorably and is less sensitive to aggressive quantiza-
tion. Overall, the results demonstrate that our method not
only preserves accuracy under moderate compression but also
provides superior stability in extreme low-bit settings, high-
lighting its effectiveness as a general and robust PTQ solu-
tion.

Reasoning Table 3 reports reasoning accuracy on GSM8K,
GPQA, and MBPP under 4-bit quantization across three
model families. Compared to GPTQ, AWQ, and QUIP, our
method consistently achieves the highest average accuracy
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Figure 2: Ablation study on the candidate size K. We evaluate the
perplexity on C4 and WikiText-2 datasets using Llama-3-8B with
4-bit quantization (group size 128). The results demonstrate the im-
pact of increasing K.
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Figure 3: Sensitivity analysis of hyperparameters ;. and \. Evalu-
ated on WikiText-2 (calibrated on C4), the plots show the perplexity
trend when varying one parameter while fixing the other at 0.6. The
U-shaped curve for p (left) confirms the necessity of balancing the
two objectives, while A (right) shows 0.6 as a robust operating point.

for all backbones, with particularly strong gains on GSM8K
and GPQA, which require multi-step numerical and fac-
tual reasoning. While AWQ remains competitive on MBPP
for some models, its performance is less consistent across
tasks, leading to lower overall averages. QUIP exhibits se-
vere degradation on reasoning benchmarks, including com-
plete failure on MBPP for Qwen models, highlighting its in-
stability under reasoning-intensive workloads. In contrast,
our approach maintains balanced performance across arith-
metic, knowledge-intensive, and program synthesis tasks,
closely tracking BF16 accuracy despite aggressive quantiza-
tion. These results indicate that the proposed method better
preserves structured reasoning capabilities under low-bit con-
straints, rather than overfitting to a single task type or model
family.

Ablations We investigate the impact of the hyperparame-
ter K by varying it within {1, 5,...,50} under the setting of
4-bit Llama-3-8B with a group size of 128. As illustrated in
Fig. 2, the perplexity on both WikiText-2 and C4 exhibits a
significant drop at X' = 5. Beyond this point, while the per-
formance continues to improve up to &K = 50, the marginal
gains become negligible. Based on these observations, we
select K = 5 as the default configuration for our method.
We analyze the impact of © and A on WikiText-2 in Fig. 3.
For 11, performance is optimized at 0.6 but degrades at the
boundaries (0.1,1.0). This confirms that neither Eq. 1 nor
Eq. 4 alone is sufficient; a balanced combination is essential.
For ), despite higher variance, setting A = 0.6 yields a robust

minimum. Consequently, we adopt (¢ = 0.6, A = 0.6) as the
default configuration for 3 bits setting. Similarly, we adopt
(= 0.1, X = 0.2) for 4 bits setting.

5 Conclusion

We presented a unified post-training quantization framework
that reformulates layer-wise weight quantization as a struc-
tured integer optimization problem and solves it using a
joint objective with Babai-type decoding. By integrating
compensation-aware targets and controlled randomness, the
proposed method consistently outperforms existing PTQ ap-
proaches across a wide range of models, tasks, and bit-widths.
Extensive experiments on both general evaluation bench-
marks and reasoning-intensive tasks demonstrate that our ap-
proach preserves accuracy more effectively under aggressive
low-bit quantization, while remaining stable across model
scales. These results suggest that principled optimization-
based formulations provide a robust foundation for future
low-bit quantization methods, bridging classical lattice de-
coding techniques and ‘modern large language model com-
pression.

Model  Method GSMSK GPQA MBPP Avg
BF16  51.86 3598 4840 4541
GPTQ 4503 2927 4500 39.77
_L;;‘MM AWQ 4442 3232 4640 41.05
QUIP 4230 2987 4040 37.52
Ours 4822 3293 4480 41.98
BF16 8370 3838 6240 61.49
GPTQ 5771 3181 2760 39.77
Q:geﬁ AWQ  80.15 3333 57.80 57.09
- QUIP 569 2575 000 1048
Ours 8429 3636 56.80 59.15
BF16 8848 3333 6500 6227
Qwen3 GPTQ 8680 3686 6020 61.29
oB AWQ 8544 3283 62.80 6036
- QUIP 6440 3131 000 31.90
Ours 87.87 3434 6320 61.80

Table 3: Reasoning accuracy (%) on GSMS8SK, GPQA, and
MBPP. 4-bit (g128) quantization. Bold = best, underline = second-
best.

Limitations Our current framework does not yet incorpo-
rate weight permutation (e.g., GPTQ) or dynamic scaling,
which are promising for future integration. Additionally, we
presently use fixed hyperparameters (u, A\) and candidate size
K for all layers. Future work will explore layer-wise adaptive
strategies, specifically assigning distinct y, A and varying the
number of random candidates per layer to better match the
sensitivity of different model components.
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