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Abstract
Weight-only post-training quantization (PTQ)
for large language models (LLMs) typically
ends with the projection of floating-point
weights onto a uniform integer lattice, introduc-
ing structured output error due to non-zero acti-
vation means. Existing bias correction methods
compensate for this shift by adding bias terms,
which is incompatible with modern bias-less
architectures such as LLaMA and Mistral and
only addresses the error indirectly. We propose
Complementary Lattice Correction (CLC), a
lightweight post-quantization method that cor-
rects projection error directly on the integer lat-
tice without modifying the model architecture.
CLC performs a budget-constrained greedy de-
scent that selectively flips quantized weights
to adjacent lattice levels. We further show that
CLC provably reduces the first-moment error
and admits a worst-case bound on the layer-
wise mean-squared error change, which certi-
fies non-increase under a verifiable budget con-
dition. Experiments across multiple models,
quantizers, and bit widths show that CLC con-
sistently improves perplexity and downstream
accuracy with negligible overhead.

1 Introduction

The deployment of large language models (LLMs)
with tens or hundreds of billions of parameters
is strictly constrained by memory bandwidth and
storage capacity. Weight-only post-training quan-
tization (PTQ) has become a dominant paradigm
for relaxing these constraints, enabling low-bit in-
ference with limited degradation (Frantar et al.,
2023; Lin et al., 2024). Modern PTQ methods that
quantize weights differ in how they shape the quan-
tization problem, through activation-aware scal-
ing (Xiao et al., 2023; Lin et al., 2024), learned
rotations (Shao et al., 2024; Liu et al., 2025a; Sun
et al., 2025), or second-order weight updates (Fran-
tar et al., 2023; Nagel et al., 2020). Despite these
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differences, they share a structural feature: the
weight tensor is ultimately represented by discrete
codes on an integer lattice, commonly obtained
through nearest-level projection or an equivalent
lattice assignment.

This projection introduces a quantization resid-
ual that does not fully average out under LLM
activation statistics. Since LLM activations ex-
hibit non-zero empirical means (Xiao et al., 2023),
the residual induces a structured first-moment shift
in the layer output, an effect that becomes more
pronounced at low bit widths. Classical bias cor-
rection (Nagel et al., 2019) compensates for this
drift by absorbing it into an additive output-side
bias, while leaving the underlying weight quanti-
zation residual unchanged. This correction is well
matched only to layers that already carry a native
bias. Modern LLMs are predominantly composed
of bias-free linear layers—for example LLaMA
(Grattafiori et al., 2024) and Mistral (Jiang et al.,
2023)—though some architectures retain biases in
selected modules (e.g. certain attention projections
in Qwen). For the bias-free majority, additive bias
correction requires introducing new parameters and
altering the deployment graph. CLC instead oper-
ates directly on the integer lattice and applies uni-
formly to both bias-containing and bias-free layers.

Figure 1 visualizes this phenomenon on a real
LLaMA-3.1 (Grattafiori et al., 2024) layer. Round-
to-nearest (RTN) quantization produces a struc-
tured signed output shift field rather than purely
zero-mean noise, yielding a measurable drift across
tokens and output channels. Motivated by this ob-
servation, we propose Complementary Lattice
Correction (CLC), a lightweight post-quantization
method that operates directly in discrete weight
space. Rather than compensating for quantization
drift through auxiliary bias parameters, CLC op-
erates directly in discrete weight space. Starting
from an existing quantized representation, CLC
performs targeted adjacent-level updates that selec-
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Figure 1: Visualization of the layer-wise signed output shift field Yq − Y on a real LLaMA-3.1 linear projection.
Instead of behaving as zero-mean noise, the RTN residual induces a structured first-moment output shift across
tokens and output channels, yielding a non-zero average output drift (mean shift = +3.17× 10−2). CLC suppresses
this structured drift directly on the integer lattice through adjacent-level corrections, reducing the mean shift to near
zero (−3.23× 10−5) without introducing bias parameters.

tively reassign weights across neighboring lattice
states, reducing the first-moment output shift in-
duced by the projection while preserving the origi-
nal model architecture and deployment graph.

Conceptually, CLC reframes post-quantization
correction as a discrete lattice optimization prob-
lem. The method performs a budget-constrained
greedy descent guided by activation statistics, en-
abling local discrete weight transitions that sys-
tematically reduce the structured first-moment drift
induced by quantization. Importantly, the effect
of CLC extends beyond mean-shift correction: we
further show that the method reduces the total layer-
wise output error while preserving the original
quantized structure and inference graph.

We summarize our contributions as follows:

• We propose Complementary Lattice Correc-
tion (CLC), a lightweight and architecture-
preserving post-quantization method that re-
duces the first-moment output shift induced
by quantization through budget-constrained
adjacent-level updates.

• We provide theoretical analysis showing that
CLC reduces the first-moment output error un-
conditionally, and bounds the total layer-wise
MSE change, certifying non-increase under a
verifiable budget condition.

• Experiments on recent open-source models
demonstrate that CLC consistently improves
low-bit quantization with negligible computa-
tional overhead.

2 Related Work

Quantization for efficient LLM inference.
Quantization reduces memory and compute by
representing weights and/or activations with low-
precision values. Existing approaches are com-
monly divided into quantization-aware training
(QAT), which simulates low-precision computa-
tion during optimization (Jacob et al., 2018; Esser
et al., 2020; Jung et al., 2019), and post-training
quantization (PTQ), which compresses a pretrained
model with little or no retraining (Yao et al., 2022;
Dettmers et al., 2022; Xiao et al., 2023; Liu et al.,
2025b). QAT can recover accuracy at very low pre-
cision, but typically requires access to the original
optimization pipeline and substantial compute (Yao
et al., 2021; Liu et al., 2024; Wang et al., 2025).
PTQ is therefore attractive for LLM deployment
because it can be applied directly to released check-
points using only calibration data.

Post-training quantization. PTQ methods vary
by quantization format, tensor scope, and calibra-
tion cost, including uniform versus non-uniform
quantization, weight-only (Lee et al., 2024; Heo
et al., 2024) versus weight-activation quantiza-
tion (Liu et al., 2023; Wei et al., 2023; Zhao
et al., 2024; Yao et al., 2023). Non-uniform meth-
ods adapt to LLM weight distributions through
sparse/mixed representations (Dettmers et al.,
2024; Kim et al., 2024), additive/vector codebooks
(Egiazarian et al., 2024; Zhang et al., 2025), or
lattice-based schemes (Tseng et al., 2024). Uni-
form weight quantization (Frantar et al., 2023; Lin
et al., 2024) instead maps weights to an integer
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grid with scales; the simplest baseline is round-to-
nearest (RTN), which projects each weight to its
nearest representable value. This work also mainly
focuses on uniform quantization for model weights.

A large body of PTQ work reduces quantiza-
tion error through local or block reconstruction
objectives (Frantar and Alistarh, 2022; Li et al.,
2021), adaptive rounding (Nagel et al., 2020),
Hessian-aware weight updates and error compensa-
tion (Frantar et al., 2023), or layer-wise error prop-
agation (Arai and Ichikawa, 2025). GPTQ (Frantar
et al., 2023) is a canonical example of this direc-
tion, using Hessian-aware sequential updates to
compensate quantization errors across remaining
weights after rounding step. Another line of work
calibrates the quantization geometry through trans-
formations. AWQ (Lin et al., 2024) represents
activation-aware channel scaling, a broader fam-
ily of methods that protect salient weights or mi-
grate activation difficulty into the weights (Xiao
et al., 2023; Lin et al., 2024). Rotation-based meth-
ods reduce outlier structure before quantization
(Ashkboos et al., 2024; Liu et al., 2025a; Shao
et al., 2025), while FlatQuant (Sun et al., 2025)
represents recent affine or flatness-oriented trans-
formations that further smooth weights and acti-
vations (Sun et al., 2025; Shao et al., 2024; Lee
et al., 2025). These methods differ in objective and
calibration strategy, but they ultimately produce a
discrete quantized weight representation. Classical
bias correction (Nagel et al., 2019) instead absorbs
the expected output shift into an additive bias term,
which is less suitable for bias-less LLMs.

Knowledge distillation for model efficiency.
Beyond low-bit quantization, knowledge distilla-
tion (KD) is a parallel route to efficient LLM in-
ference, compressing a large teacher into a smaller
student rather than lowering the precision of a
fixed model (Vu et al., 2026; Nguyen et al., 2026;
Vuong et al., 2026; Truong et al., 2025). KD re-
duces cost by changing what the student represents,
whereas post-training quantization—and CLC in
particular—operates on the discrete lattice of an
already-fixed weight tensor. The two are thus com-
plementary: a distilled student can still be quan-
tized and corrected by CLC.

3 Method

This section develops CLC from theory to algo-
rithm. We begin by analyzing the layer-wise quan-
tization error under activation statistics, which

allows us to characterize what makes a dis-
crete optimization procedure effective for reduc-
ing quantization-induced output error. We then
instantiate the resulting conditions as a construc-
tive algorithm. The analysis focuses primarily on
weight quantization.

3.1 Setup

We analyze a single layer ℓ with full-precision
weights W ∈ Rd×C , omitting layer superscripts
when no confusion arises, where d is the input
dimension and C is the number of output chan-
nels. For an activation x ∈ Rd, channel j outputs
x⊤W:,j . Let µ := E[x] ∈ Rd and Σ := Cov(x) ∈
Rd×d denote the population activation mean and
covariance. In practice, µ is estimated from cali-
bration activations X = [x1, . . . , xm] ∈ Rd×m as
µ̂ := m−1

∑m
t=1 xt.

Let Wq be the quantized weights produced by
the final projection of a base quantizer. For output
channel j, let sj be its lattice step, so that projected
weights lie on sjZ. We define the quantization
residual as E := Wq −W, ej := E:,j with |ei,j | ≤
sj/2 under nearest-level projection.

We measure layer error by the expected squared
output difference between the quantized and full-
precision layers:

Rℓ(Wq) :=

C∑

j=1

E
[
(x⊤ej)2

]
. (1)

This is decomposed into:

Rℓ(Wq) =
C∑

j=1

b2j

︸ ︷︷ ︸
=:Bℓ

+
C∑

j=1

e⊤j Σej

︸ ︷︷ ︸
=:Vℓ

,
(2)

where bj := µ⊤ej is the first-moment output shift
of channel j, Bℓ is the squared mean-shift error,
and Vℓ is the covariance-weighted reconstruction
error (See detailed in Appendix A).

Most PTQ methods aim to reduce the layer-
wise error Rℓ. However, the full population ac-
tivation statistics are rarely accessible; methods
typically approximate them from a small calibra-
tion set. This gives the calibration mean-shift
terms b̂j := µ̂⊤ej , B̂ℓ :=

∑C
j=1 b̂

2
j . We use hats

to indicate quantities computed with µ̂ in place of
µ. CLC constructs corrected quantized weights
W ′

q := Wq + ∆ while keeping every entry on its
original lattice: Wq,i,j +∆i,j ∈ sjZ,∀(i, j).
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Figure 2: Illustration of Complementary Lattice Correction. Green dots are full-precision weights, and hollow
squares are quantized lattice levels. Small blue arrows show RTN-guided projection, while red arrows show the
actual adjacent-level flip updates from Wq to W ′

q . CLC reduces the first-moment shift directly in weight space under
a flip budget.

3.2 The in-lattice correction

We begin with the local geometry of scalar quanti-
zation. For a weight Wi,j with step size sj , quanti-
zation maps the normalized value Wi,j/sj to one
of the two adjacent integers bracketing it; nearest-
level projection chooses the closer one. A comple-
mentary post-projection correction can only revise
this local decision by moving the projected value
to the adjacent lattice level on the other side. With
residual ei,j = Wq,i,j −Wi,j , this one-level revi-
sion is ∆i,j = − sign(ei,j)sj for a revised entry
(i, j), and ∆i,j = 0 otherwise. Thus, the correction
remains inside the original lattice and only decides
which local rounding decisions to revise.

The following two structural assumptions are
used in the subsequent analysis. Both match com-
mon practice in practical weight quantization. The
common-support assumption formalizes that the
coordinates selected for correction come from a
shared admissible set of layer input dimensions,
while the per-channel step assumption corresponds
to the standard setting in quantization methods
where each output channel is quantized with its
own uniform lattice step.

Assumption 1 (Common support). Letting Sj :=
{i : ∆i,j ̸= 0} be the per-channel support, all
supports lie in a common index set: Sj ⊆ I ⊆
{1, . . . , d} for every j.

Assumption 2 (Uniform per-channel step). Quan-

tization uses a single step sj per output channel,
so the lattice sjZ governing channel j is shared by
all its weights.

Per-flip first-moment change. We now ask how
a single one-level revision affects the mean-shift
term. For channel j, recall b̂j := µ̂⊤ej and
B̂j := b̂2j . For a candidate revision at coordinate
(i, j), define ∆B̂i,j as the change in B̂j caused
by applying that revision alone. Since the revi-
sion changes b̂j by µ̂i∆i,j (see derivation in Ap-
pendix A), under ∆i,j = − sign(ei,j)sj we obtain:

∆B̂i,j = −2b̂j sign(ei,j)µ̂isj + µ̂2
i s

2
j , (3)

as derived in Appendix B. The linear term reduces
the squared first-moment shift precisely when

sign(µ̂i) = sign(ei,j b̂j). (4)

Under this sign alignment, ∆B̂i,j = −2|b̂j ||µ̂i|sj+
µ̂2
i s

2
j , so an individual revision decreases the

squared shift only if 2|b̂j | > |µ̂i|sj . Hence Eq. (4)
is a sign-alignment filter rather than a per-flip de-
scent guarantee: large |µ̂i|sj can still overshoot.

This observation suggests two requirements for
an effective quantization correction. The candidate
orientation and sign filter identify local in-lattice
moves that can decrease the per-channel squared
shift B̂j = b̂2j , and hence contribute to reducing
the layer mean-shift term B̂ℓ =

∑
j B̂j in Eq. (2).
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Since an individual move can still overshoot, how-
ever, descent must be enforced after aggregation
over the selected moves. We therefore seek a cor-
rection that yields a reduction in mean-shift error,
Ĝℓ := B̂ℓ(Wq) − B̂ℓ(W ′

q) ≥ 0, with the no-flip
option kept feasible by the selection rule. We next
ask how much variance cost these in-lattice moves
can introduce.

3.3 A worst-case bound on the MSE change
The previous subsection shows how to obtain a non-
negative mean-shift gain. For the population ob-
jective, write Gℓ := Bℓ(Wq)− Bℓ(W ′

q). However,
reducing Bℓ alone does not guarantee a smaller to-
tal layer error, because the same lattice moves also
change Vℓ. Expanding (2) gives (See Appendix C):

∆Rℓ = −Gℓ︸︷︷︸
≤0

+2⟨∆,Σe⟩F + tr(∆⊤Σ∆)︸ ︷︷ ︸
∆Vℓ

, (5)

for any correction ∆ and activation statistics (µ,Σ).
Thus the remaining question is how large the
variance-side cost ∆Vℓ can be.

The one-level rule in Section 3.2 gives a use-
ful sign structure. For every selected move,
∆i,j = −sign(ei,j)sj , so the diagonal part of
the cross-term,

∑
i,j ∆i,jΣiiei,j , is non-positive

because ∆i,jΣiiei,j = −sjΣii|ei,j | ≤ 0. Thus,
this diagonal term can only reduce the variance-
side change. Any possible increase in ∆Vℓ must
come from the off-diagonal covariance interac-
tions,

∑
j

∑
i ̸=k ∆i,jΣikek,j , and the quadratic

trace term, tr(∆⊤Σ∆). Assumption 1 restricts
these terms to the common support I , and Assump-
tion 2 gives a single lattice step per output channel.
Together, they yield the following bound.

Theorem 1 (Worst-case MSE change). Let ∆ fol-
low the one-level correction rule in Section 3.2 and
satisfy Assumptions 1-2. Let Kℓ :=

∑
j |Sj | be the

number of flips. Then

∆Rℓ ≤ −Gℓ +KℓΦI , (6)

where ΦI := −2γS + s2max

(
ρ(Σ) + ∥ΣII∥2

)
,

γS := min(i,j): i∈Sj
sjΣii|ei,j | ≥ 0, smax :=

maxj sj , and ρ(Σ) is a worst-case off-diagonal
row-sum of Σ. The proof is given in Appendix C.

Theorem 1 separates the effect of CLC into a
mean-shift gain Gℓ and a worst-case variance cost
that grows at most linearly with the flip count Kℓ.
Hence, a safe correction should keep the support
I covariance-friendly and limit Kℓ so that the vari-
ance cost cannot dominate the gain.

Corollary 1 (The budget certifies non-increasing
MSE). Under the hypotheses of Theorem 1, if
ΦI ≤ 0, then ∆Rℓ ≤ −Gℓ − Kℓ|ΦI | ≤ 0 for
any Kℓ ≥ 0. If ΦI > 0, then ∆Rℓ ≤ 0 whenever
Kℓ ≤ Gℓ/ΦI . The proof is given in Appendix D.

Corollary 1 turns the bound into a budget rule.
If ΦI ≤ 0, the variance side is harmless in the
worst case. If ΦI > 0, each flip may carry a posi-
tive variance cost, so the realized flip count must
be small enough for the mean-shift gain to cover
this cost. Thus, a safe selection rule should keep
the no-flip option feasible, enforce non-negative
aggregate mean-shift gain, and respect the certified
budget. This certificate is intentionally worst-case;
Appendix E.1 empirically verifies the conditions
and measures how conservative the bound is on
real layers.

3.4 The CLC algorithm

CLC instantiates the requirements derived above.
It must choose a stable activation-mean estimate,
define a support I that avoids unstable flips and
keeps the covariance penalty controlled, enforce
non-negative aggregate mean-shift gain, and re-
spect the budget condition of Corollary 1. The
overall framework of CLC is illustrated in Figure 2.

Stabilized activation mean. CLC relies on the
calibration mean to estimate the per-channel shift
b̂j and to choose the input coordinates eligible for
correction. Because these decisions are sensitive
to coordinate-wise extremes in the empirical mean
x̄ = m−1X1m, we use the James-Stein shrinkage
estimator (James and Stein, 1961), which stabilizes
a high-dimensional mean by shrinking it toward a
common center:

µ̂ = x̄g1+ (1− c)(x̄− x̄g1),

c = clip

(
(d− 2)σ̂2

∥x̄− x̄g1∥22
, 0, 1

)
,

(7)

where x̄g := d−1
∑

i x̄i and σ̂2 :=
(dm)−1

∑
i,t(Xi,t − x̄i)

2 is a pooled activation-
variance estimate. Clipping prevents over-
shrinkage and recovers the sample mean when the
shrinkage estimate degenerates. All subsequent
selection steps use this stabilized mean.

Support I: a knee-point mask on |µ̂|. The sup-
port is motivated by the overshoot regime in (3). A
coordinate with large |µ̂i| can make the quadratic
term µ̂2

i s
2
j dominate the linear mean-shift decrease
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2|b̂j ||µ̂i|sj , so flipping such coordinates may over-
shoot the channel shift. We therefore remove out-
lying |µ̂i| coordinates before per-channel selection.
This choice also supports the MSE bound in Theo-
rem 1: in LLM activations, large-mean coordinates
often coincide with high-variance directions (Lin
et al., 2024), so removing them can reduce the co-
variance penalty associated with ∥ΣII∥2.

Concretely, let ai := |µ̂i| and sort the values in
descending order, a(1) ≥ . . . ≥ a(d). We apply
a Kneedle-style rule (Satopaa et al., 2011) to the
upper half of this sorted curve. After normalization,
we connect the largest value a(1) to the mid-rank
value a(⌊d/2⌋) and choose the point with maximum
distance from this line as the knee. The knee value
defines the threshold τ , and the admissible support
is I := {i : |µ̂i| ≤ τ}.
Filtered budgeted selection. For each channel j,
candidates are first restricted to I and then passed
through the sign-alignment filter from Section 3.2,
giving Sj ⊆ Ij ⊆ I. A single hyperparameter
p ∈ (0, 1] sets the per-channel cap Bj := ⌈p|Ij |⌉,
so the realized flip count in Theorem 1 satisfies
Kℓ =

∑
j |Sj | ≤

∑
j Bj .

Within each channel, candidates are ordered
by decreasing residual magnitude δi,j := |ei,j |.
This prioritizes weights closest to the rounding
boundary, for which the post-flip residual |e′i,j | =
sj − |ei,j | is smallest. Define the signed reduction
in calibration mean shift from flipping coordinate
(i, j) as vi,j := −µ̂i∆i,j = µ̂i sign(ei,j)sj . Let
nj := |Ij |, and write the ordered candidates as
(i1, . . . , inj ). CLC then selects the best prefix un-
der the budget:

k∗ = arg min
0≤k≤Bj

∣∣∣b̂(k)j

∣∣∣ , b̂(k)j := b̂j −
k∑

t=1

vit,j ,

Sj := {i1, . . . , ik∗}.
(8)

Here Bj is only an upper bound: the selected prefix
may stop earlier when additional flips would over-
shoot the channel shift. The minimizer is found by
a single cumulative scan over the prefixes.

Calibration mean-shift descent. The descent
guarantee is aggregate, not per-flip. Since the prefix
search in (8) includes k = 0, the uncorrected chan-
nel is always feasible. Therefore

∣∣∣b̂′j
∣∣∣ =

∣∣∣b̂(k
∗)

j

∣∣∣ ≤∣∣∣b̂(0)j

∣∣∣ =
∣∣∣b̂j

∣∣∣, and summing over channels gives

Ĝℓ := B̂ℓ(Wq)− B̂ℓ(W ′
q) ≥ 0.

This establishes the calibration analogue of the
mean-shift gain used in Section 3.3; the formal
proof is given in Appendix E. Algorithm 1 in Ap-
pendix F summarizes the procedure.

This analysis treats CLC as a correction step on
a quantized lattice: given the stored codes and ac-
tivation statistics in the same coordinate system,
CLC applies adjacent-level updates to reduce the
first-moment output shift. Appendix G discusses
this interface for representative PTQ pipelines.
For transformation-based methods such as AWQ,
CLC can operate after the transformation is ab-
sorbed, using the transformed weights and acti-
vations. For Hessian-aware weight-update meth-
ods such as GPTQ, the mean-shift target remains
tied to the original layer, while the admissible flip
direction should follow the method-specific pre-
rounding state. Although CLC is not designed for
activation quantization, it can still be applied to
weight-activation methods such as FlatQuant (Sun
et al., 2025) by working in their transformed coor-
dinate space. In contrast, methods with a broader
quantization scope, such as SpinQuant (Liu et al.,
2025a) with KV-cache quantization, require ac-
counting for error interactions beyond the weight-
induced layer output error considered here.

4 Experiments

Experimental setup. We evaluate CLC on
four LLMs: Mistral-7B-v0.3 (Jiang et al.,
2023), LLaMA-3.1-8B (Grattafiori et al., 2024),
Qwen2.5-7B (Qwen et al., 2025), and LLaMA-
3-8B (Grattafiori et al., 2024), at both 4-bit and
3-bit precision. To evaluate CLC across representa-
tive quantization paradigms, we use three weight-
only baselines covering plain nearest-level pro-
jection (RTN), Hessian-aware error compensation
(GPTQ (Frantar et al., 2023)), and activation-aware
scaling (AWQ (Lin et al., 2024)). We also combine
CLC with FlatQuant (Sun et al., 2025), a recent
state-of-the-art transformation-based method for
weight-activation quantization, to further validate
the effectiveness of CLC. We also compare with
classical bias correction (BC) (Nagel et al., 2019).

The calibration used is C4 with 128 sequences
of length 2048 (Frantar et al., 2023). We report
WikiText-2/C4 perplexity, zero-shot accuracy on
ARC-Challenge, ARC-Easy, BoolQ, PIQA, and
RTE (Sutawika et al., 2024), and their unweighted
average; lower perplexity and higher accuracy
are better. Due to space limits, the main paper
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Table 1: 3-bit quantization results on Mistral-7B and LLaMA-3.1-8B. PPL on WikiText-2 and C4 (↓); zero-shot
accuracy on five tasks and their average (↑). Bold marks the best non-FP16 row within each (model, base) block.
Green shading marks the best non-FP16 result within each base-quantizer block, while red shading marks metrics
degraded relative to the corresponding original quantizer.

Model Method PPL (↓) Downstream Accuracy (↑)

Wiki C4 arc-c arc-e boolq piqa rte Avg

Mistral-7B

FP16 4.845 ±0.001 7.535 ±0.002 0.509 ±0.002 0.802 ±0.001 0.837 ±0.003 0.800 ±0.003 0.686 ±0.004 0.727

RTN 5.680 ±0.005 8.883 ±0.006 0.417 ±0.003 0.663 ±0.002 0.774 ±0.002 0.773 ±0.003 0.621 ±0.001 0.650
RTN + BC 5.682 ±0.006 8.887 ±0.008 0.420 ±0.003 0.664 ±0.004 0.772 ±0.002 0.788 ±0.002 0.634 ±0.004 0.656
RTN + CLC 5.639 ±0.007 8.740 ±0.005 0.422 ±0.001 0.665 ±0.003 0.788 ±0.002 0.798 ±0.002 0.676 ±0.003 0.670
AWQ 5.572 ±0.001 8.648 ±0.002 0.439 ±0.003 0.763 ±0.003 0.780 ±0.002 0.787 ±0.001 0.603 ±0.001 0.675
AWQ + BC 5.566 ±0.003 8.633 ±0.004 0.437 ±0.002 0.760 ±0.002 0.785 ±0.003 0.787 ±0.003 0.606 ±0.001 0.675
AWQ + CLC 5.524 ±0.005 8.552 ±0.006 0.440 ±0.003 0.766 ±0.004 0.794 ±0.002 0.787 ±0.003 0.617 ±0.001 0.681
GPTQ 5.424 ±0.007 8.308 ±0.008 0.449 ±0.004 0.764 ±0.002 0.785 ±0.002 0.781 ±0.002 0.667 ±0.002 0.689
GPTQ + BC 5.418 ±0.007 8.302 ±0.009 0.449 ±0.002 0.764 ±0.003 0.781 ±0.003 0.783 ±0.002 0.664 ±0.002 0.688
GPTQ + CLC 5.382 ±0.004 8.277 ±0.007 0.453 ±0.003 0.774 ±0.004 0.808 ±0.001 0.790 ±0.002 0.671 ±0.004 0.699
FlatQuant 5.622 ±0.003 8.566 ±0.004 0.421 ±0.003 0.759 ±0.001 0.790 ±0.003 0.789 ±0.003 0.581 ±0.003 0.668
FlatQuant + BC 5.901 ±0.005 8.991 ±0.006 0.417 ±0.002 0.750 ±0.002 0.791 ±0.004 0.785 ±0.003 0.598 ±0.002 0.668
FlatQuant + CLC 5.587 ±0.004 8.524 ±0.004 0.433 ±0.003 0.759 ±0.002 0.788 ±0.004 0.791 ±0.002 0.607 ±0.002 0.676

LLaMA-3.1-8B

FP16 5.522 ±0.005 8.409 ±0.006 0.522 ±0.003 0.822 ±0.004 0.830 ±0.001 0.791 ±0.002 0.711 ±0.003 0.735

RTN 10.947 ±0.008 18.044 ±0.013 0.386 ±0.003 0.649 ±0.002 0.717 ±0.001 0.743 ±0.002 0.588 ±0.002 0.617
RTN + BC 10.132 ±0.013 16.994 ±0.014 0.359 ±0.002 0.675 ±0.003 0.647 ±0.003 0.734 ±0.002 0.567 ±0.003 0.596
RTN + CLC 8.731 ±0.009 14.168 ±0.016 0.410 ±0.003 0.729 ±0.003 0.694 ±0.004 0.756 ±0.003 0.610 ±0.003 0.640
AWQ 8.094 ±0.007 13.157 ±0.006 0.413 ±0.002 0.745 ±0.002 0.715 ±0.002 0.756 ±0.001 0.624 ±0.004 0.651
AWQ + BC 8.053 ±0.005 13.143 ±0.009 0.410 ±0.002 0.736 ±0.003 0.719 ±0.002 0.759 ±0.003 0.632 ±0.003 0.651
AWQ + CLC 7.893 ±0.007 12.851 ±0.007 0.417 ±0.002 0.749 ±0.001 0.724 ±0.002 0.764 ±0.002 0.638 ±0.003 0.658
GPTQ 7.220 ±0.003 11.566 ±0.004 0.413 ±0.002 0.739 ±0.004 0.767 ±0.004 0.760 ±0.003 0.703 ±0.003 0.676
GPTQ + BC 7.221 ±0.005 11.567 ±0.002 0.412 ±0.001 0.737 ±0.003 0.766 ±0.003 0.761 ±0.003 0.703 ±0.003 0.676
GPTQ + CLC 7.215 ±0.003 11.560 ±0.002 0.415 ±0.001 0.741 ±0.002 0.767 ±0.004 0.762 ±0.002 0.705 ±0.003 0.678
FlatQuant 7.443 ±0.003 11.924 ±0.003 0.421 ±0.003 0.756 ±0.001 0.735 ±0.003 0.768 ±0.002 0.628 ±0.002 0.662
FlatQuant + BC 7.448 ±0.001 12.095 ±0.002 0.420 ±0.002 0.753 ±0.002 0.746 ±0.001 0.766 ±0.003 0.638 ±0.003 0.665
FlatQuant + CLC 7.381 ±0.003 11.881 ±0.004 0.415 ±0.002 0.760 ±0.002 0.750 ±0.001 0.768 ±0.002 0.661 ±0.003 0.671

reports Mistral-7B-v0.3 and LLaMA-3.1-8B; re-
sults on Qwen2.5-7B and LLaMA-3-8B, additional
AdaRound (Nagel et al., 2020) experiments, flip-
budget sensitivity, and ablations are deferred to Ap-
pendix H. AdaRound further tests whether CLC ex-
tends to learned-rounding integer-lattice pipelines
beyond nearest-style projection.

4.1 Main Results

Tables 1 and 2 report the 3-bit and 4-bit results,
respectively, using the same models, base quantiz-
ers, and downstream tasks. Bold denotes the best
non-FP16 row within each (model, base) block.

CLC consistently improves perplexity. Tables 1
and 2 show that CLC reduces perplexity across all
main model-quantizer blocks. At 4-bit, the gains
are modest but consistent, as the base quantizers are
already close to FP16; for example, CLC improves
Mistral-7B AWQ from 4.975 to 4.965 on WikiText-
2 and from 7.727 to 7.711 on C4. At 3-bit, where
the integer lattice is coarser, the improvements be-
come much larger. On LLaMA-3.1-8B with RTN,
CLC reduces WikiText-2 PPL from 10.947 to 8.731
and C4 PPL from 18.044 to 14.168. Similar gains
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Figure 3: Runtime comparison on Mistral-7B. CLC
adds a small post-processing cost on top of the base
quantizer, while the total runtime remains dominated by
the original quantization stage.

on other baselines indicate that CLC is not limited
to plain RTN, but corrects a residual left by the
final discrete projection of different PTQ pipelines.

CLC is more reliable than bias correction.
Compared with classical bias correction (BC),
CLC provides more reliable improvements across
the main settings. BC does not always improve
over the original quantized model; for example,
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Table 2: 4-bit quantization results on Mistral-7B and LLaMA-3.1-8B. PPL on WikiText-2 and C4 (↓); zero-shot
accuracy on five tasks and their average (↑). Bold marks the best non-FP16 row within each (model, base) block.
Green shading marks the best non-FP16 result within each base-quantizer block, while red shading marks metrics
degraded relative to the corresponding original quantizer.

Model Method PPL (↓) Downstream Accuracy (↑)

Wiki C4 arc-c arc-e boolq piqa rte Avg

Mistral-7B

FP16 4.845 ±0.001 7.535 ±0.002 0.509 ±0.002 0.802 ±0.001 0.837 ±0.003 0.800 ±0.003 0.686 ±0.004 0.727

RTN 4.992 ±0.003 7.805 ±0.004 0.476 ±0.001 0.787 ±0.004 0.825 ±0.002 0.799 ±0.004 0.664 ±0.002 0.710
RTN + BC 4.995 ±0.005 7.738 ±0.006 0.474 ±0.003 0.789 ±0.002 0.828 ±0.002 0.799 ±0.003 0.661 ±0.003 0.710
RTN + CLC 4.970 ±0.007 7.717 ±0.005 0.480 ±0.003 0.793 ±0.002 0.820 ±0.003 0.801 ±0.001 0.675 ±0.003 0.714
AWQ 4.975 ±0.003 7.727 ±0.003 0.493 ±0.003 0.794 ±0.002 0.817 ±0.002 0.797 ±0.003 0.671 ±0.004 0.714
AWQ + BC 4.975 ±0.001 7.726 ±0.002 0.493 ±0.002 0.793 ±0.004 0.815 ±0.004 0.798 ±0.004 0.678 ±0.003 0.715
AWQ + CLC 4.965 ±0.003 7.711 ±0.004 0.495 ±0.004 0.795 ±0.003 0.818 ±0.002 0.802 ±0.002 0.690 ±0.004 0.720
GPTQ 4.978 ±0.005 7.744 ±0.005 0.480 ±0.002 0.795 ±0.002 0.820 ±0.003 0.798 ±0.002 0.675 ±0.002 0.714
GPTQ + BC 4.979 ±0.007 7.745 ±0.004 0.480 ±0.002 0.795 ±0.004 0.819 ±0.004 0.798 ±0.004 0.675 ±0.003 0.713
GPTQ + CLC 4.967 ±0.004 7.736 ±0.005 0.483 ±0.003 0.796 ±0.001 0.821 ±0.002 0.800 ±0.002 0.678 ±0.003 0.716
FlatQuant 5.072 ±0.005 7.854 ±0.005 0.483 ±0.003 0.794 ±0.002 0.829 ±0.002 0.794 ±0.004 0.660 ±0.002 0.712
FlatQuant + BC 5.073 ±0.003 7.851 ±0.004 0.468 ±0.002 0.787 ±0.001 0.825 ±0.003 0.795 ±0.002 0.653 ±0.003 0.706
FlatQuant + CLC 5.066 ±0.005 7.847 ±0.003 0.491 ±0.004 0.793 ±0.002 0.830 ±0.001 0.797 ±0.003 0.675 ±0.002 0.717

LLaMA-3.1-8B

FP16 5.522 ±0.005 8.409 ±0.006 0.522 ±0.003 0.822 ±0.004 0.830 ±0.001 0.791 ±0.002 0.711 ±0.003 0.735

RTN 6.025 ±0.007 9.440 ±0.008 0.490 ±0.004 0.806 ±0.004 0.799 ±0.003 0.783 ±0.002 0.635 ±0.001 0.703
RTN + BC 6.082 ±0.006 9.631 ±0.007 0.487 ±0.003 0.801 ±0.001 0.808 ±0.002 0.785 ±0.002 0.632 ±0.001 0.702
RTN + CLC 5.973 ±0.005 9.369 ±0.005 0.505 ±0.002 0.807 ±0.004 0.793 ±0.002 0.787 ±0.003 0.653 ±0.003 0.709
AWQ 5.968 ±0.005 9.321 ±0.006 0.511 ±0.003 0.806 ±0.003 0.794 ±0.001 0.798 ±0.004 0.635 ±0.003 0.709
AWQ + BC 5.968 ±0.008 9.316 ±0.007 0.507 ±0.002 0.803 ±0.004 0.790 ±0.001 0.796 ±0.002 0.632 ±0.002 0.706
AWQ + CLC 5.949 ±0.004 9.294 ±0.005 0.512 ±0.002 0.808 ±0.002 0.796 ±0.001 0.796 ±0.003 0.671 ±0.004 0.717
GPTQ 5.995 ±0.002 9.304 ±0.001 0.505 ±0.003 0.804 ±0.001 0.795 ±0.003 0.793 ±0.004 0.651 ±0.001 0.710
GPTQ + BC 5.992 ±0.003 9.304 ±0.004 0.499 ±0.002 0.803 ±0.003 0.792 ±0.004 0.793 ±0.001 0.659 ±0.003 0.709
GPTQ + CLC 5.989 ±0.001 9.300 ±0.002 0.507 ±0.003 0.806 ±0.003 0.790 ±0.003 0.797 ±0.003 0.663 ±0.003 0.713
FlatQuant 6.158 ±0.003 9.816 ±0.004 0.488 ±0.001 0.797 ±0.003 0.801 ±0.002 0.781 ±0.004 0.657 ±0.004 0.705
FlatQuant + BC 6.164 ±0.005 9.841 ±0.003 0.486 ±0.003 0.793 ±0.002 0.808 ±0.002 0.786 ±0.001 0.662 ±0.002 0.707
FlatQuant + CLC 6.147 ±0.004 9.813 ±0.003 0.487 ±0.002 0.805 ±0.002 0.809 ±0.003 0.787 ±0.002 0.668 ±0.004 0.711

at 4-bit on LLaMA-3.1-8B with RTN, BC wors-
ens WikiText-2/C4 perplexity from 6.025/9.440
to 6.082/9.631, while CLC improves them to
5.973/9.369. This suggests that directly correcting
the integer-lattice residual is a more stable post-
quantization correction than compensating the shift
only through an output-side bias term.

Downstream accuracy improves on average.
CLC also improves the average zero-shot score
in every main model-quantizer block. The gains
are most visible in harder 3-bit settings, such as
Mistral-7B with GPTQ, where average accuracy
improves from 0.689 to 0.699, and LLaMA-3.1-8B
with RTN, where it improves from 0.617 to 0.640.
Individual tasks may fluctuate, but the aggregate
trend is consistently positive. Overall, CLC acts as
a lightweight post-quantization correction that can
be attached to RTN, AWQ, GPTQ, and FlatQuant
without changing the inference architecture.

CLC is complementary to different quantizers.
CLC improves plain RTN and transformation-
based quantizers such as AWQ and FlatQuant, sug-
gesting that it corrects residual error left by the

final discrete projection rather than replacing the
base quantizer’s objective. The gains are largest
when this residual is more severe, especially at 3-
bit and in RTN-like settings, but remain visible
for stronger 4-bit quantizers. On GPTQ, the im-
provements are consistent but more modest, partic-
ularly on LLaMA-3.1-8B, because GPTQ already
performs Hessian-aware error compensation. As
discussed in Section 3.4 and Appendix G, CLC
fits RTN and transformation-based pipelines more
directly. GPTQ requires a more careful interface
because its Hessian-aware updates define a method-
specific pre-round state for admissible flips, while
the mean-shift target is still measured against the
final error of the original layer.

4.2 Computational Cost

CLC adds only a lightweight post-processing
pass after the base quantizer has finished. Fig-
ure 3 reports the runtime on Mistral-7B for AWQ,
FlatQuant, and GPTQ at both 3-bit and 4-bit.
Across all settings, the additional CLC cost is be-
low one minute, ranging from 0.60 to 0.78 minutes.
This corresponds to only 1.10-5.62% of the orig-

3316



inal quantization time. The relative overhead is
largest for the fastest pipeline, AWQ, and smallest
for the slowest pipeline, GPTQ, showing that the
end-to-end runtime remains dominated by the base
quantization procedure. Thus, CLC improves the
final quantized model without retraining, architec-
tural changes, or meaningful deployment overhead.

5 Conclusion

We introduced Complementary Lattice Correction
(CLC), a post-quantization correction that reduces
structured first-moment output error by making
budgeted adjacent-level updates directly on the inte-
ger weight lattice. Unlike classical bias correction,
CLC preserves the bias-less architecture and infer-
ence graph while providing an effective layer-wise
descent mechanism for the quantization-induced
mean shift. Experiments across bit-widths, models,
and PTQ backbones show that CLC consistently
improves perplexity and usually improves down-
stream accuracy with negligible post-processing
overhead. We frame CLC as a lightweight post-hoc
enhancement rather than a replacement quantizer:
gains over strong 4-bit baselines are typically small
given the limited remaining headroom, while larger
gains appear in the more challenging 3-bit regime.

Limitations

Although CLC is effective across the evaluated set-
tings, several aspects deserve further study. First,
like other post-training methods, CLC uses activa-
tion statistics estimated from a limited calibration
set. We reduce this sensitivity with James-Stein
shrinkage and evaluate cross-dataset robustness in
Section E.1, and we further show in Appendix I.2
that CLC’s gains are stable across calibration-set
sizes; nevertheless, broader prompt distributions
and context lengths remain useful settings for fu-
ture evaluation. Second, modern PTQ pipelines
expose increasingly diverse transformed spaces,
rounding states, and error-compensation mecha-
nisms. CLC can be attached as a lightweight post-
quantization lattice refinement, but different quan-
tizer families may benefit from tailored choices
of coordinates, statistics, and admissible round-
ing moves. Developing a more general rounding-
selection framework for diverse PTQ pipelines
is an important direction for future work. Fi-
nally, our analysis focuses on the layer-wise ef-
fect of CLC, which matches how the correction
is applied in practice. We measure the inter-

layer accumulation of the mean shift empirically
in Appendix I.3 and find that CLC does not am-
plify cross-layer interactions, but a more detailed
transformer-level analysis of how local corrections
interact across layers—together with a theoretically
guaranteed propagated-input objective—would fur-
ther strengthen the theoretical understanding of
CLC.
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A Derivation of the Layer-wise Error
Decomposition

We derive the decomposition used in Eq. (2). Con-
sider a single output channel j of a linear layer.
Let

wj := W:,j , wq,j := (Wq):,j , ej := wq,j−wj .

For an activation vector x ∈ Rd, the full-precision
and quantized channel outputs are

yj = x⊤wj , yq,j = x⊤wq,j .

Their difference is therefore

yq,j − yj = x⊤(wq,j − wj) = x⊤ej .

The expected squared reconstruction error of this
channel is

Rj := E
[
(yq,j − yj)

2
]
= E

[
(x⊤ej)2

]
. (9)

Since (x⊤ej)2 = e⊤j xx
⊤ej , we have

Rj = e⊤j E[xx⊤]ej . (10)

Now write the activation as

x = µ+ ε, µ := E[x], E[ε] = 0,

and define the covariance matrix

Σ := Cov(x) = E
[
(x− µ)(x− µ)⊤

]
= E[εε⊤].

Then

E[xx⊤] = E
[
(µ+ ε)(µ+ ε)⊤

]

= µµ⊤ + E[µε⊤] + E[εµ⊤] + E[εε⊤]
= µµ⊤ +Σ. (11)

Substituting Eq. (11) into Eq. (10) gives

Rj = e⊤j (µµ
⊤ +Σ)ej

= (µ⊤ej)2 + e⊤j Σej . (12)

Summing over all output channels yields

Rℓ(Wq) =
C∑

j=1

E
[
(x⊤ej)2

]

=
C∑

j=1

(µ⊤ej)2

︸ ︷︷ ︸
Bℓ

+
C∑

j=1

e⊤j Σej

︸ ︷︷ ︸
Vℓ

.
(13)

Thus, the layer-wise reconstruction error decom-
poses exactly into a squared first-moment shift term
Bℓ and a covariance-weighted term Vℓ.
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B Derivation of the Per-flip First-moment
Change

We derive Eq. (3). For one output channel j, the
calibration-evaluated first-moment shift is b̂j :=

µ̂⊤ej , with squared contribution B̂j := b̂2j . If only
coordinate (i, j) is revised by ∆i,j , then under the
residual convention ej = (Wq −W ):,j the revised
residual is ej+∆i,jei, where ei is the i-th standard
basis vector. Thus

b̂′j = µ̂⊤(ej +∆i,jei) = b̂j + µ̂i∆i,j .

Therefore,

∆B̂i,j := (b̂′j)
2 − b̂2j

= (b̂j + µ̂i∆i,j)
2 − b̂2j

= 2b̂jµ̂i∆i,j + µ̂2
i∆

2
i,j . (14)

For a one-level revision, ∆i,j = − sign(ei,j)sj , so
∆2

i,j = s2j . Substituting gives

∆B̂i,j = −2b̂j sign(ei,j)µ̂isj + µ̂2
i s

2
j .

The linear term is negative exactly when
b̂j sign(ei,j)µ̂i > 0, equivalently sign(µ̂i) =

sign(ei,j b̂j). Under this condition,

∆B̂i,j = −2|b̂j ||µ̂i|sj + µ̂2
i s

2
j ,

which is strictly negative if and only if 2|b̂j | >
|µ̂i|sj .

C Proof of Theorem 1

Throughout, e := Wq −W , ej := e:,j ∈ Rd is the
residual of channel j, and Sj := {i : ∆i,j ̸= 0}
its support. A CLC correction follows the one-
level correction rule of Section 3.2 and satisfies
Assumptions 1-2: each flipped entry is the anti-
aligned unit flip ∆i,j = − sign(ei,j) sj for i ∈ Sj

(zero otherwise), all supports lie inside a common
I, and a single per-channel step sj governs each
channel.

Proof plan. The argument has three stages. (1)
We first establish the exact change in layer MSE
under any lattice correction; this is an algebraic
identity with no inequalities, splitting ∆Rℓ into
the bias gain −Gℓ and a variance change ∆Vℓ.
(2) We then decompose the cross-term inside ∆Vℓ
into a diagonal piece Dℓ and an off-diagonal piece
Eℓ (Lemma 1); the anti-aligned orientation forces

Dℓ ≤ 0 deterministically, while |Eℓ| admits a row-
sum bound from the RTN residual bound. (3) Fi-
nally we bound the trace term using the common
support (Assumption 1) and the unit-flip norm, and
assemble the three bounds into (6). Stage (1) is
where the exact identity (5) of the body is proved;
stages (2) and (3) are pure upper bounds, and their
looseness is intentional (see the closing remark).

C.1 Stage 1: the exact identity
From the bias-variance decomposition (2),
Rℓ(Wq) =

∑
j(µ

⊤ej)2 + e⊤j Σej . Writing
e′j := ej +∆j for the corrected residual of channel
j (where ∆j := ∆:,j),

Rℓ(W
′
q)−Rℓ(Wq) =

∑

j

[
(µ⊤e′j)

2 − (µ⊤ej)2
]

+
∑

j

[
e′⊤j Σe′j − e⊤j Σej

]
.

By the definition Gℓ = Bℓ(Wq) − Bℓ(W ′
q) the

first sum is −Gℓ. The second sum expands as
2
∑

j⟨∆j ,Σej⟩ +
∑

j ∆
⊤
j Σ∆j = 2⟨∆,Σe⟩F +

tr(∆⊤Σ∆). Hence, for any ∆ and any (µ,Σ),

∆Rℓ = −Gℓ + 2⟨∆,Σe⟩F + tr(∆⊤Σ∆), (15)

which is the exact decomposition (5) used in the
body, with variance change ∆Vℓ = 2⟨∆,Σe⟩F +
tr(∆⊤Σ∆).

C.2 Stage 2: the cross-term
We use the constants Kℓ :=

∑
j |Sj | (to-

tal flip count), smax := maxj sj , ρ(Σ) :=
maxi

∑
k ̸=i |Σik| the worst-case off-diagonal row-

sum of Σ, and γS := min(i,j): i∈Sj
sj Σii |ei,j | ≥ 0

the smallest per-flip diagonal gain over the realized
support {Sj}.

For each channel j, decompose (Σej)i =
Σiiei,j +

∑
k ̸=iΣikek,j and substitute the anti-

aligned flip rule ∆i,j = − sign(ei,j)sj from
the one-level correction rule of Section 3.2
into ⟨∆j ,Σej⟩ =

∑
i∈Sj

∆i,j(Σej)i. Using
sign(ei,j)ei,j = |ei,j |, this yields the diagonal
piece

Dj := −sj
∑

i∈Sj

Σii|ei,j |, (16)

and the off-diagonal piece

Ej := −sj
∑

i∈Sj

sign(ei,j)
∑

k ̸=i

Σikek,j , (17)

so that ⟨∆j ,Σej⟩ = Dj + Ej .
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Lemma 1 (Cross-term sign and bound). Let Dj

and Ej be as defined in (16)-(17). Then
(i) Dj ≤ 0 deterministically, with no assump-

tion on µ,Σ, e;

(ii) |Ej | ≤
s2j
2 |Sj |ρ(Σ).

Proof. (i) Sign of Dj . Each summand
−sjΣii|ei,j | ≤ 0, since sj > 0, Σii ≥ 0
(PSD diagonal), and |ei,j | ≥ 0.

(ii) Bound on |Ej |. By the triangle inequality and
the nearest-level residual bound |ek,j | ≤ sj/2 (Sec-
tion 3.1) (which holds for every k ∈ {1, . . . , d}
under plain RTN with Assumption 2; this is the
property that breaks under GPTQ’s sequential up-
dates and AdaRound’s learned rounding, see Ap-
pendix G),

|Ej | ≤ sj
∑

i∈Sj

∑

k ̸=i

|Σik||ek,j |

≤ s2j
2

∑

i∈Sj

∑

k ̸=i

|Σik| ≤
s2j
2 |Sj |ρ(Σ).

Summing (16) over channels, |Dℓ| =∑
(i,j): i∈Sj

sjΣii|ei,j | is a sum of Kℓ terms each
≥ γS , so

|Dℓ| ≥ Kℓ γS . (18)

Summing the lemma’s off-diagonal bound,

|Eℓ| ≤
∑

j

s2j
2 |Sj |ρ(Σ) ≤ s2max

2 Kℓ ρ(Σ). (19)

C.3 Stage 3: the trace term and assembly
By Assumption 1, ∆j is supported on Sj ⊆
I, so the quadratic form sees only the princi-
pal submatrix ΣII : ∆⊤

j Σ∆j = ∆⊤
j ΣII∆j ≤

∥ΣII∥2∥∆j∥22. The unit-flip rule (Section 3.2)
fixes ∥∆j∥22 = s2j |Sj |, hence

tr(∆⊤Σ∆) ≤ ∥Σ|I∥2
∑

j

s2j |Sj |

≤ s2maxKℓ∥Σ|I∥2. (20)

Proof of Theorem 1. From (15) and Lemma 1,
∆Rℓ = −Gℓ + 2(Dℓ + Eℓ) + tr(∆⊤Σ∆). Using
Dℓ ≤ −|Dℓ| and Eℓ ≤ |Eℓ|, then (18), (19), (20),

∆Rℓ ≤ −Gℓ − 2|Dℓ|+ 2|Eℓ|+ tr(∆⊤Σ∆)

≤ −Gℓ − 2KℓγS + s2maxKℓρ(Σ)

+ s2maxKℓ∥Σ|I∥2
= −Gℓ +Kℓ

[
−2γS + s2max

(
ρ(Σ) + ∥Σ|I∥2

)]

= −Gℓ +KℓΦI ,

which is (6) with ΦI as stated.

Remark (looseness is by design). The bound
treats two quantities adversarially: ρ(Σ) assumes
every off-diagonal entry of Σ is aligned with e, and
∥Σ|I∥2 assumes ∆j points along the top eigenvec-
tor of Σ|I . Neither holds in practice, which is why
the realized variance penalty in Appendix E.1 is
orders of magnitude below KℓΦI . The determin-
istic piece Dℓ ≤ 0 (Lemma 1) is the mechanism
that actually drives the variance change negative
on real layers; the worst-case ΦI only certifies that
the change cannot blow up.

D Proof of Corollary 1

Proof plan. Theorem 1 gives ∆Rℓ ≤ −Gℓ +
KℓΦI . We simply ask, in each sign regime of ΦI ,
for which budgets Kℓ this right-hand side is ≤ 0.
The two cases are immediate.

Proof. Regime (i). If ΦI ≤ 0, write ΦI = −|ΦI |;
then ∆Rℓ ≤ −Gℓ − Kℓ|ΦI | ≤ 0 for any Kℓ ≥
0, strictly so whenever Gℓ > 0 or (Kℓ > 0 and
|ΦI | > 0).

Regime (ii). If ΦI > 0, the bound −Gℓ +KℓΦI
is ≤ 0 iff KℓΦI ≤ Gℓ, i.e. Kℓ ≤ Gℓ/ΦI ; the
inequality is strict for Kℓ < Gℓ/ΦI . In either
regime the set of budgets certifying ∆Rℓ ≤ 0 is
non-empty.

E Bias Descent of the Greedy Rule

Proof plan. We show the per-channel selec-
tion (8) can never increase b2j . The selection min-

imizes |b(k)j | over a feasible range that includes

k = 0 (the empty selection, value |b(0)j | = |bj |);
optimality over a set containing k = 0 forces
|b′j | ≤ |bj |. Summing over channels gives Gℓ ≥ 0.

Proposition 1. For each channel j, the greedy
rule (8) satisfies b′2j ≤ b2j , where b′j := b

(k∗)
j . Con-

sequently Gℓ ≥ 0.

Proof. Recall b(k)j := bj −
∑

t≤k vit,j and the se-

lection k∗ = argmin0≤k≤Bj

∣∣b(k)j

∣∣. The feasible
range includes k = 0, the empty selection, whose
objective value is |b(0)j | = |bj |. Since k∗ is optimal

over a set containing k = 0, |b′j | = |b
(k∗)
j | ≤ |bj |,

hence Bj(W ′
q) = b′2j ≤ b2j = Bj(Wq), where

Bj := b2j is the per-channel bias term of (2). Sum-
ming over j gives Gℓ = Bℓ(Wq)−Bℓ(W ′

q) ≥ 0.
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Table 3: Empirical verification of every component of the CLC theory on Mistral-7B-v0.3 with plain RTN base (16
layers per setting). Each check is reported as the fraction of layers on which it passes. The exact identity (5), the
one-level correction rule and Assumptions 1-2, and the bias descent hold on every layer. The on-support diagonal
Dℓ is non-positive on every layer (Lemma 1(i)), and the off-diagonal bound (Lemma 1(ii)) and the trace bound
both hold with substantial slack. The master bound of Theorem 1 holds universally. Layer error descends on every
measured layer (universal empirical descent).

Check in-sample cross-eval

Eq. (5) identity holds (rel. resid. < 10−13) 16/16 16/16
One-level rule: ∆i,j = − sign(ei,j) sj 16/16 16/16
Assumption 1: supp(∆j) ⊆ I (minimal I) 16/16 16/16
Assumption 2: uniform per-channel step sj 16/16 16/16
Bias descent: Gℓ ≥ 0 16/16 16/16

Lemma 1: ⟨∆,Σe⟩ = D + E exactly 16/16 16/16
Lemma 1(i): Dℓ ≤ 0 (deterministic) 16/16 16/16

Lemma 1(ii): |Ej | ≤ s2j
2
|Sj |ρ(Σ) per row 16/16 16/16

|Dℓ| ≥ Kℓ γS 16/16 16/16

Trace bound: tr(∆⊤Σ∆) ≤ s2maxKℓ∥ΣII∥2 16/16 16/16
Theorem 1 master bound: ∆Rℓ ≤ −Gℓ +KℓΦI 16/16 16/16

Realized layer descent ∆Rℓ < 0 16/16 16/16

Table 4: Realized magnitudes (layer-averaged) on Mistral-7B-v0.3 with plain RTN base. The on-support diagonal
Dℓ accounts for the bulk of the cross-term and is the dominant mechanism of descent. The off- diagonal residual Eℓ
is itself empirically negative, contributing additional descent. The bound’s ΦI is positive on every layer (regime (ii)
of Corollary 1), so the master bound certifies descent only via the safety budget Kℓ < Gℓ/ΦI ; in practice the
realized cross- term and trace are much smaller than the worst-case estimate, and descent is universal. AggregateR
across the 16 layers drops by 15.7% in-sample and 15.9% cross-eval.

Quantity in-sample cross-eval

D̄ℓ −9.39×10−2 −9.39×10−2

Ēℓ −3.06×10−2 −3.06×10−2

⟨∆,Σe⟩ −1.25×10−1 −1.25×10−1

tr(∆⊤Σ∆) +2.17×10−1 +2.17×10−1

Ēℓ bound (Lemma 1(ii)) +7.33×103 +7.33×103

trace bound (RHS) +1.72×104 +1.72×104

Φ̄I +8.72×10−1 +8.72×10−1

∆Rℓ (realized) −5.03×10−1 −5.39×10−1

Aggregate R change −15.7% −15.9%

E.1 Empirical Verification of the Theory

We verify every component of the analysis in §3.2-
3.3 directly - the exact identity (5), the one-level
correction rule and the algorithmic assumptions
(Assumptions 1-2), the bias descent (Proposition 1),
Lemma 1, the trace bound, and the master bound
of Theorem 1 - by instrumenting 16 linear layers
(uniformly sampled across attention and MLP pro-
jections) of Mistral-7B-v0.3 quantized with plain
RTN at 4-bit weight-only, group size 128. We com-
pute µ̂ℓ via James-Stein (7) and the full covariance
Σℓ from 128 C4 calibration samples, apply CLC
with budget p = 5%, and measure every compo-
nent of the bound. Results are reported under two
regimes: in-sample (statistics and evaluation on
C4) and cross-eval (statistics from C4, evaluation

on WikiText-2), the latter probing calibration drift.
Throughout, Kℓ denotes the realized number of
flips, Dℓ the on-support diagonal piece of the cross-
term in Lemma 1, and Eℓ := ⟨∆ℓ,Σℓeℓ⟩ −Dℓ the
off-diagonal residual.

Tables 3 and 4 summarize the verification. The
measurements confirm that every step of the anal-
ysis holds on real layers, and they make explicit
where the worst-case bound is loose versus where
the structural mechanism actually drives descent.

Verification 1: the exact identity and the al-
gorithmic assumptions. Equation (5) holds to
floating-point precision on every layer (relative
residual below 10−13), confirming that the −Gℓ +
∆Vℓ split is exact rather than approximate. The
three structural conditions on ∆ - the one-level cor-
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rection rule of Section 3.2 (anti-aligned unit flip),
Assumption 1 (common support, verified for the
minimal I =

⋃
j Sj), and Assumption 2 (uniform

per-channel step) - and the bias descent (Gℓ ≥ 0,
Proposition 1) are each satisfied on every layer.

Verification 2: structural non-positivity of Dℓ.
On every layer (16/16 in-sample and 16/16 cross-
eval), the deterministic on-support diagonal Dℓ is
non-positive, confirming Lemma 1(i) and validat-
ing that the anti-aligned flip rule of Section 3.2
delivers a strictly non-positive variance-side con-
tribution without any statistical assumption on the
activation distribution. This is the structural guar-
antee the algorithm was designed to extract: Ta-
ble 4 shows |Dℓ| is on average roughly three times
|Eℓ|, so the diagonal piece dominates the cross-term
in practice.

Verification 3: bounds hold but are loose. The
off-diagonal bound of Lemma 1(ii), the lower
bound on |Dℓ|, the trace bound, and the master
bound of Theorem 1 all hold on every layer. They
are, however, very loose. Comparing realized val-
ues to bounds in Table 4: |Eℓ| is roughly five orders
of magnitude smaller than its bound; the realized
trace is five orders of magnitude smaller than the
trace bound; the realized ∆Rℓ is a small negative
number while the right-hand side −Gℓ + KℓΦI
of (6) is large and positive. The looseness has
two sources: ρ(Σ) is a worst-case row-sum that
treats every off-diagonal entry as adversarially
aligned with e, and ∥Σ|I∥2 treats ∆j as adver-
sarially aligned with the top eigenvector of Σ|I .
Neither alignment occurs in practice. We do not
view this as a defect: the bound is a worst-case
certificate, and the realized values in Table 4 are
what governs CLC’s behavior.

Verification 4: empirical regime versus the-
oretical regime. A consequence of the loose
bound is that ΦI is positive on every measured
layer (mean Φ̄I ≈ +0.87), placing each layer in
regime (ii) of Corollary 1, where the bound’s guar-
antee of descent is conditional on the safety budget
Kℓ ≤ Gℓ/ΦI . Yet realized descent is universal:
∆Rℓ < 0 on every layer in both in-sample and
cross-eval, with aggregate R dropping by ∼16%.
The mechanism is exactly the structural one iden-
tified in Lemma 1(i): Dℓ is reliably negative and
large in magnitude, the realized Eℓ is also negative
in practice (its sign is not guaranteed by the lemma
but is consistent across layers), and the realized

trace is positive but small. The bound’s regime
classification is therefore conservative; descent in
practice is the rule, not a conditional event.

Verification 5: robustness to calibration drift.
The cross-eval results - calibration µ estimated on
C4, evaluation on WikiText-2 - show no qualita-
tive change: every check still passes on every layer
and descent remains universal. The mean realized
∆Rℓ shifts only slightly (from −0.503 to −0.539),
because the bias term b2j = (µ⊤ej)2 is evaluated
against a different µ and the descent shrinks ac-
cordingly, but the mechanism is intact. James-Stein
shrinkage on µ̂ is what keeps the support-selection
step stable across datasets; without it the knee
threshold τ would move with calibration noise.

Implications for hyperparameter choice. The
empirical placement on the optimistic side of
regime (ii) - the bound sits in regime (ii), but real-
ized descent is universal - has a concrete practical
implication. The budget p acts as a magnitude
knob because the realized cross-term-plus-trace
stays much smaller than the worst-case KℓΦI , so
descent grows roughly with Gℓ rather than revers-
ing as Kℓ grows. Diminishing returns at larger p
in the ablations therefore reflect saturation of Gℓ

once the per-channel bias residual bj is brought
close to zero, not the variance-cost crossover the
bound conservatively predicts. The bottleneck in
CLC’s empirical regime is the bias-gain term, not
the variance-cost term - exactly the inversion of
bias correction’s limitation.

F Algorithm of Complementary Lattice
Correction

Algorithm 1 summarizes the constructive proce-
dure described in Section 3.4. CLC first forms a
stabilized estimate of the activation mean and uses
it to define a common admissible support I. For
each output channel, the algorithm then constructs
anti-residual adjacent-level moves, retains only can-
didates aligned with the channel mean-shift direc-
tion, and ranks them by residual magnitude. The
final corrected weights are obtained by applying
the budgeted prefix that minimizes the calibration
mean shift for each channel.

G How CLC Interfaces with Existing
Quantization Pipelines

The applicability of CLC depends on the discrete
representation exposed after a base quantization
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Algorithm 1 Complementary Lattice Correction
(CLC)

Input: RTN-quantized weights Wq ∈ Rd×C ; full-
precision weights W ; calibration activations
X ∈ Rd×m; per-channel steps {sj}Cj=1; flip
budget fraction p ∈ (0, 1].

Output: Corrected quantized weights W ′
q.

1: // Estimate activation mean
2: x̄← 1

mX1m
3: µ̂← JamesStein(x̄) via Eq. (7)
4: // Support mask (proxy for I)
5: ai ← |µ̂i| for i = 1, . . . , d; sort descending
6: τ ← Kneedle threshold on {a(t)}⌊d/2⌋t=1

7: I ← {i : |µ̂i| ≤ τ}
8: W ′

q ←Wq

9: for j = 1, . . . , C do
10: ej ← wq,:,j − w:,j ; bj ← µ̂⊤ej
11: for i ∈ I do
12: σi,j ← − sign(ei,j)
13: vi,j ← −µ̂i · σi,j · sj
14: end for
15: Ij ← {i ∈ I : sign(vi,j) = sign(bj)}
16: Bj ← ⌈p · |Ij |⌉
17: nj ← |Ij |
18: Order Ij by descending residual magnitude

δi,j := |ei,j |: (i1, . . . , inj )

19: k∗ ← argmin0≤k≤Bj

∣∣bj −
∑k

t=1 vit,j
∣∣

20: Sj ← {i1, . . . , ik∗}
21: for i ∈ Sj do
22: w′

q,i,j ← wq,i,j + σi,j · sj
23: end for
24: end for
25: return W ′

q

pipeline has finished. The analysis in §3.3 assumes
that, within each output channel, the stored weights
lie on a uniform lattice governed by a single step
sj (Assumption 2), so that a correction can be ex-
pressed as an adjacent-level reassignment on that
lattice. This condition is immediate for the baseline
setting analyzed in the main text. For stronger PTQ
pipelines, however, the same lattice representation
is often reached only after method-specific trans-
formations, updates, or learned assignment rules.
These preceding operations do not necessarily pre-
vent CLC from being applied, but they change the
coordinate system or residual structure in which
the CLC rule should be interpreted.

We therefore make the interface between CLC
and several representative pipelines explicit. In

the order AWQ, GPTQ, FlatQuant and AdaRound,
we identify (a) the transformation or optimization
performed before the final lattice assignment, (b)
the point at which nearest-level or nearest-level-
related discretization produces the stored integer
codes, and (c) the additional issue that must be
handled before the CLC analysis can be transferred
directly.

Notation. Throughout, W ∈ Rd×C is the full-
precision weight matrix of a single linear layer
with d input dimensions and C output chan-
nels, X ∈ Rd×m collects calibration activations,
and RTNs(·) denotes the per-channel asymmetric
round-to-nearest projection onto the uniform inte-
ger lattice with step s.

G.1 AWQ: input-channel pre-scaling
AWQ (Lin et al., 2024) rescales the layer before
quantization using activation-aware input-channel
factors. Under our convention W ∈ Rd×C and
layer output W⊤X , let S = diag(α1, . . . , αd) de-
note the diagonal scaling matrix. The equivalent
transformed layer is

W⊤X = (SW )⊤(S−1X)

≈ Q(SW )⊤(S−1X), (21)

where Q(·) denotes the final nearest-level lattice as-
signment. Thus, the discretized object is the scaled
weight matrix SW , and the activation statistics rel-
evant to the transformed layer are those of S−1X .

In this coordinate system, AWQ is relatively
compatible with CLC. If the scaled matrix is quan-
tized with a single lattice step per output channel,
Assumption 2 is preserved in the transformed coor-
dinates. The residual corrected by CLC is then

e′ = Q(SW )− SW,

and its first-moment alignment should be computed
against the transformed activation mean

µ′ = S−1µ, Σ′ = S−1ΣS−1.

Therefore, the CLC analysis can be applied by re-
placing (W,µ,Σ) with (SW,µ′,Σ′).

The main change is in the constants of the bound:
the support covariance and off-diagonal interaction
terms are evaluated under the transformed covari-
ance Σ′, rather than the original Σ. Thus AWQ
does not fundamentally change the adjacent-level
correction rule, but it changes the coordinate sys-
tem in which the correction and its worst-case vari-
ance cost should be analyzed.
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G.2 GPTQ: second-order updates before
lattice assignment

GPTQ (Frantar et al., 2023) quantizes weights se-
quentially along the input-column dimension. Let
H ≈ XX⊤ + λI denote the damped Hessian es-
timate formed from calibration activations. After
a column has been quantized, GPTQ uses entries
of H−1 to propagate its quantization error into the
remaining floating-point columns. Thus, when col-
umn k is discretized, the value assigned to the lat-
tice is not necessarily the original weight wj,k, but
a GPTQ-updated pre-round value

w̃j,k = wj,k + cGPTQ
j,k ,

where cGPTQ
j,k denotes the accumulated Hessian-

aware correction from previously quantized
columns. The corresponding integer code and
stored weight are

qj,k = round

(
w̃j,k

sj
+ zj

)
,

wq,j,k = sj(qj,k − zj).

Crucially, GPTQ modifies the pre-rounding
weights but does not change the quantization lat-
tice, so CLC still operates on the same set of integer
levels.

Objective and admissible move. Our CLC im-
plementation uses the original weight and the
GPTQ pre-round value for different roles. The cor-
rection objective is measured against the original
full-precision layer,

b̂j = µ̂⊤(wq,j − wj),

because this is the first-moment error seen by the
final quantized model. In contrast, the adjacent-
level direction is determined from GPTQ’s local
pre-round state. In normalized coordinates, CLC
uses the rounding residual

rj,k =
w̃j,k

sj
+ zj − qj,k,

and proposes the one-level move

q′j,k = qj,k + sign(rj,k),

whenever the proposed code remains within the
valid quantization range. The same quantity |rj,k|
is used to rank candidate flips.

Which guarantees carry over. The first-moment
descent guarantee remains valid under GPTQ: be-
cause the greedy prefix search includes the no-flip
option, the selected update can never increase the
estimated channel-wise first-moment error,

|b̂′j | ≤ |b̂j |.

The worst-case MSE guarantee of Theorem 1, how-
ever, does not apply verbatim. GPTQ’s compen-
sated weights may violate the RTN residual condi-
tion

|ej,k| ≤
sj
2

that the bound assumes, and more fundamentally
the separation of roles above differs from the plain
nearest-level setting, where a single residual both
defines the flip direction and appears in the CLC
error decomposition. In other words, under GPTQ
the first-moment descent is preserved but the cer-
tified non-increasing-MSE condition is no longer
guaranteed to hold. In practice we monitor the
effect of CLC through GPTQ’s layer-wise recon-
struction objective ∥WqX −WX∥2F and observe
that the additional adjacent-level flips leave it essen-
tially unchanged while reducing the first-moment
error.

Thus, after GPTQ, CLC acts as a lattice refine-
ment step: GPTQ and H−1 determine the local
pre-round geometry, while CLC selects adjacent-
level changes according to their effect on the origi-
nal layer-wise mean-shift error. A complete theory
would require a GPTQ-aware analysis of the in-
teraction between second-order updates, rounding-
level choices, and inference-time activation statis-
tics; we leave such rounding-selection rules to fu-
ture work.

G.3 FlatQuant: learned transformed
coordinates before lattice assignment

FlatQuant (Sun et al., 2025) first calibrates and ab-
sorbs learned transformations into the model before
weight quantization. These transformations may
include Hadamard-like or Kronecker-structured
rotations, learned diagonal rescaling, and addi-
tional weight/activation calibration parameters. Un-
der our convention W ∈ Rd×C and layer output
W⊤X , we abstract the resulting reparameterized
linear layer as

W⊤X = (W ′)⊤X ′,

where W ′ is the post-transformation weight matrix
and X ′ is the corresponding transformed activation.
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The final quantized weights are then obtained by
assigning W ′ to integer lattice levels,

W ′
q = Q(W ′).

In our implementation, CLC is applied after this
reparameterization. Therefore, the correction is
performed directly in the transformed coordinate
system: the quantization state is built from the post-
FlatQuant weight W ′, and the activation mean is
estimated from the inputs entering the reparameter-
ized linear layer. The mean-shift term is thus

b̂′j = (µ̂′)⊤
(
w′
q,j − w′

j

)
,

where µ̂′ is computed from X ′. The adjacent-level
move is the same one-level lattice correction used
in the base CLC procedure, but applied to the lattice
of W ′

q.
From the perspective of CLC, FlatQuant is there-

fore similar to AWQ: the base method changes the
quantization coordinate system before discretiza-
tion, and CLC operates on the lattice exposed
in that coordinate system. This view suggests a
broader interface for transformation-based quanti-
zation methods: once the transformation has been
absorbed into the model, CLC can be applied as a
generic post-quantization lattice refinement using
the weights and activation statistics in the trans-
formed space.

G.4 AdaRound: learned per-weight rounding
decisions

AdaRound (Nagel et al., 2020) replaces determinis-
tic nearest-level rounding with learned up/down de-
cisions. For a normalized weight uj,k = wj,k/sj +
zj , the stored integer code can be written as

qj,k = ⌊uj,k⌋+ hj,k, hj,k ∈ {0, 1},

with hj,k obtained by optimizing a continuous re-
laxation under a local reconstruction objective. The
stored weight is wq,j,k = sj(qj,k − zj).

The resulting weights still lie on the same per-
channel integer lattice, so the lattice-step condition
in Assumption 2 is preserved. The difficulty is
that the local rounding decision no longer follows
the nearest-level rule. AdaRound may deliberately
choose the farther of the two neighboring lattice
levels if that improves its reconstruction objective.
Consequently, the residual wq,j,k − wj,k need not
be bounded by sj/2, and its sign no longer carries
the same meaning as in plain nearest-level quanti-
zation.

For CLC, the natural adjacent move after
AdaRound is therefore not “move toward the near-
est level”, but rather reopen the learned binary
choice:

q′j,k = ⌊uj,k⌋+ (1− hj,k).

The mean-shift objective can still be evaluated
against the original full-precision layer, but each
candidate flip must now be interpreted as revers-
ing one of AdaRound’s learned rounding decisions.
Thus, the gain predicted by the CLC first-moment
criterion must be balanced against the fact that
AdaRound has already optimized these decisions
for a local reconstruction loss.

Therefore, AdaRound exposes a valid lattice for
CLC, but the clean CLC assumptions do not trans-
fer directly: the residual used in the original nearest-
level analysis is no longer the same object that de-
fines the learned rounding assignment. A complete
extension would require AdaRound-aware rules for
deciding which learned rounding choices should
be reopened for first-moment correction, which we
leave to future work.

H Additional Experimental Results

Experimental Setup. All experiments are con-
ducted with Python3.12, using PyTorch1 and the
Transformers library2 to deploy large language
models. All LLM checkpoints are obtained from
their official Hugging Face repositories3. Due to
the high memory and bandwidth requirements of
LLM inference and quantization, we run all ex-
periments on NVIDIA A100 GPUs. Zero-shot
downstream-task evaluation is carried out using
the lm-evaluation-harness tool4. For LLaMA-3-8B
with FlatQuant5, we use a separate environment
following the original FlatQuant implementation,
since its LLaMA-3 transformation pipeline relies
on earlier versions of several dependencies.

Overview. The main paper keeps the experimen-
tal section compact by reporting the most repre-
sentative settings, but the central claim of CLC
is broader: the correction should not depend on
a particular model family, a single bit-width, or
a specific PTQ backend. This appendix therefore

1https://pytorch.org/
2https://huggingface.co/docs/transformers
3https://huggingface.co/
4https://github.com/EleutherAI/

lm-evaluation-harness
5https://github.com/ruikangliu/FlatQuant
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Table 5: 3-bit quantization results on Qwen2.5-7B and LLaMA-3-8B. PPL on WikiText-2 and C4 (↓); zero-shot
accuracy on five tasks and their average (↑). Bold marks the best non-FP16 row within each (model, base) block.
Green shading marks the best non-FP16 result within each base-quantizer block, while red shading marks metrics
degraded relative to the corresponding original quantizer.

Model Method PPL (↓) Downstream Accuracy (↑)

Wiki C4 arc-c arc-e boolq piqa rte Avg

Qwen2.5-7B

FP16 6.084 ±0.004 10.817 ±0.007 0.504 ±0.002 0.804 ±0.003 0.846 ±0.001 0.787 ±0.003 0.835 ±0.002 0.755

RTN 10.793 ±0.010 17.638 ±0.021 0.398 ±0.004 0.701 ±0.001 0.747 ±0.003 0.746 ±0.001 0.663 ±0.003 0.651
RTN + BC 10.669 ±0.014 17.587 ±0.015 0.393 ±0.003 0.701 ±0.001 0.753 ±0.003 0.747 ±0.002 0.652 ±0.003 0.649
RTN + CLC 8.971 ±0.009 15.237 ±0.012 0.417 ±0.003 0.726 ±0.003 0.768 ±0.002 0.763 ±0.001 0.666 ±0.003 0.668
AWQ 8.592 ±0.008 15.048 ±0.014 0.439 ±0.001 0.731 ±0.002 0.784 ±0.003 0.769 ±0.003 0.678 ±0.001 0.680
AWQ + BC 8.609 ±0.010 15.012 ±0.017 0.434 ±0.002 0.728 ±0.001 0.763 ±0.002 0.770 ±0.003 0.614 ±0.001 0.662
AWQ + CLC 8.231 ±0.009 14.243 ±0.010 0.441 ±0.003 0.729 ±0.004 0.812 ±0.003 0.779 ±0.003 0.690 ±0.003 0.690
GPTQ 8.138 ±0.006 15.010 ±0.009 0.423 ±0.002 0.724 ±0.002 0.782 ±0.003 0.769 ±0.002 0.670 ±0.003 0.674
GPTQ + BC 8.147 ±0.004 15.017 ±0.011 0.418 ±0.002 0.724 ±0.002 0.782 ±0.004 0.768 ±0.001 0.678 ±0.004 0.674
GPTQ + CLC 8.090 ±0.003 14.994 ±0.009 0.428 ±0.002 0.719 ±0.004 0.784 ±0.003 0.776 ±0.002 0.685 ±0.002 0.678
FlatQuant 7.257 ±0.006 12.415 ±0.011 0.475 ±0.002 0.795 ±0.002 0.823 ±0.002 0.776 ±0.001 0.758 ±0.004 0.725
FlatQuant + BC 7.247 ±0.005 12.401 ±0.009 0.458 ±0.003 0.770 ±0.002 0.834 ±0.002 0.776 ±0.003 0.765 ±0.002 0.721
FlatQuant + CLC 7.221 ±0.006 12.401 ±0.008 0.502 ±0.001 0.803 ±0.001 0.827 ±0.002 0.777 ±0.003 0.773 ±0.001 0.736

LLaMA-3-8B

FP16 5.442 ±0.004 8.346 ±0.007 0.505 ±0.001 0.800 ±0.002 0.813 ±0.001 0.796 ±0.004 0.696 ±0.003 0.722

RTN 10.947 ±0.011 18.044 ±0.010 0.386 ±0.004 0.649 ±0.003 0.717 ±0.004 0.743 ±0.003 0.588 ±0.003 0.617
RTN + BC 10.502 ±0.005 17.742 ±0.020 0.349 ±0.003 0.649 ±0.002 0.688 ±0.001 0.714 ±0.004 0.560 ±0.002 0.592
RTN + CLC 9.105 ±0.009 15.251 ±0.016 0.406 ±0.002 0.670 ±0.002 0.707 ±0.002 0.751 ±0.003 0.611 ±0.003 0.629
AWQ 8.136 ±0.008 13.293 ±0.004 0.394 ±0.002 0.697 ±0.002 0.744 ±0.001 0.759 ±0.001 0.613 ±0.002 0.641
AWQ + BC 8.140 ±0.005 13.310 ±0.009 0.400 ±0.002 0.700 ±0.004 0.742 ±0.002 0.759 ±0.002 0.635 ±0.004 0.647
AWQ + CLC 7.973 ±0.002 12.977 ±0.007 0.403 ±0.001 0.707 ±0.003 0.750 ±0.003 0.766 ±0.003 0.614 ±0.002 0.648
GPTQ 9.404 ±0.005 12.649 ±0.006 0.373 ±0.004 0.700 ±0.003 0.717 ±0.002 0.756 ±0.004 0.620 ±0.002 0.633
GPTQ + BC 9.407 ±0.008 12.647 ±0.004 0.373 ±0.003 0.699 ±0.003 0.716 ±0.004 0.755 ±0.002 0.620 ±0.003 0.633
GPTQ + CLC 9.403 ±0.003 12.642 ±0.009 0.374 ±0.002 0.702 ±0.001 0.718 ±0.002 0.759 ±0.001 0.625 ±0.003 0.636
FlatQuant 7.451 ±0.006 11.980 ±0.003 0.417 ±0.004 0.749 ±0.003 0.791 ±0.002 0.768 ±0.003 0.625 ±0.002 0.670
FlatQuant + BC 7.424 ±0.010 12.052 ±0.005 0.427 ±0.001 0.730 ±0.003 0.769 ±0.001 0.755 ±0.001 0.585 ±0.003 0.653
FlatQuant + CLC 7.408 ±0.007 11.933 ±0.008 0.425 ±0.003 0.750 ±0.002 0.781 ±0.003 0.763 ±0.002 0.646 ±0.001 0.673

evaluates the same post-processing rule along three
complementary axes. First, we add two LLMs,
Qwen2.5-7B and LLaMA-3-8B, to test whether the
trend observed on the main models transfers across
architectures and pretraining recipes. Second, we
report both 4-bit and 3-bit results, where 3-bit quan-
tization provides a substantially harder stress test
because the lattice spacing is larger and projection
residuals become more structured. Third, we in-
clude AdaRound, a learned-rounding quantizer, to
test whether CLC remains useful even when the
base method has already optimized rounding deci-
sions using calibration data.

H.1 Additional Models at 3-bit

Table 5 reports the additional 3-bit results on
Qwen2.5-7B and LLaMA-3-8B. This is a stringent
setting for post-quantization correction because
the coarser integer lattice introduces larger pro-
jection residuals, making structured first-moment
errors more visible after the base quantizer has fin-
ished. Across all eight model-quantizer blocks,
CLC improves both perplexity metrics and the un-
weighted average downstream accuracy over the

corresponding base quantizer, although individual
task accuracies can still fluctuate. This provides
strong additional evidence that CLC is not specific
to the two main-paper models and that its effect
becomes more pronounced as the lattice resolution
decreases.

The largest gains appear for RTN, where the fi-
nal nearest-level projection is least protected by
additional reconstruction or transformation steps.
On Qwen2.5-7B, CLC reduces RTN WikiText-
2 PPL from 10.793 to 8.971 and C4 PPL from
17.638 to 15.237, while improving the average
zero-shot score from 0.651 to 0.668. On LLaMA-
3-8B, CLC similarly reduces RTN WikiText-2 PPL
from 10.947 to 9.105 and C4 PPL from 18.044 to
15.251, with the average accuracy increasing from
0.617 to 0.629. These are large gains for a post-
processing step that does not retrain the model,
reconstruct layers with SGD, or alter the inference
graph.

CLC also remains effective on stronger 3-bit
quantizers. With AWQ, it improves Qwen2.5-7B
from 8.592 to 8.231 WikiText-2 PPL and from
15.048 to 14.243 C4 PPL, while raising the average
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Table 6: 4-bit quantization results on Qwen2.5-7B and LLaMA-3-8B. PPL on WikiText-2 and C4 (↓); zero-shot
accuracy on five tasks and their average (↑). Bold marks the best non-FP16 row within each (model, base) block.
Green shading marks the best non-FP16 result within each base-quantizer block, while red shading marks metrics
degraded relative to the corresponding original quantizer.

Model Method PPL (↓) Downstream Accuracy (↑)

Wiki C4 arc-c arc-e boolq piqa rte Avg

Qwen2.5-7B

FP16 6.084 ±0.004 10.817 ±0.007 0.504 ±0.002 0.804 ±0.003 0.846 ±0.001 0.787 ±0.003 0.835 ±0.002 0.755

RTN 6.692 ±0.006 12.203 ±0.003 0.451 ±0.003 0.778 ±0.003 0.830 ±0.004 0.766 ±0.001 0.802 ±0.002 0.725
RTN + BC 6.643 ±0.005 12.108 ±0.004 0.441 ±0.004 0.768 ±0.001 0.827 ±0.004 0.765 ±0.004 0.823 ±0.003 0.725
RTN + CLC 6.637 ±0.007 11.878 ±0.002 0.452 ±0.002 0.771 ±0.003 0.833 ±0.003 0.768 ±0.001 0.816 ±0.003 0.728
AWQ 6.468 ±0.002 11.444 ±0.008 0.469 ±0.004 0.786 ±0.001 0.842 ±0.001 0.780 ±0.003 0.805 ±0.003 0.736
AWQ + BC 6.467 ±0.001 11.450 ±0.009 0.459 ±0.002 0.787 ±0.003 0.843 ±0.001 0.787 ±0.004 0.815 ±0.002 0.738
AWQ + CLC 6.438 ±0.002 11.363 ±0.006 0.473 ±0.001 0.792 ±0.004 0.847 ±0.002 0.782 ±0.001 0.819 ±0.002 0.743
GPTQ 6.708 ±0.004 11.539 ±0.005 0.454 ±0.002 0.781 ±0.002 0.805 ±0.002 0.780 ±0.002 0.729 ±0.001 0.710
GPTQ + BC 6.709 ±0.006 11.538 ±0.004 0.451 ±0.002 0.779 ±0.004 0.805 ±0.002 0.778 ±0.003 0.729 ±0.003 0.708
GPTQ + CLC 6.702 ±0.003 11.534 ±0.006 0.459 ±0.002 0.779 ±0.002 0.814 ±0.003 0.779 ±0.004 0.787 ±0.002 0.724
FlatQuant 6.520 ±0.003 11.394 ±0.008 0.476 ±0.002 0.793 ±0.002 0.838 ±0.002 0.780 ±0.003 0.801 ±0.003 0.738
FlatQuant + BC 6.516 ±0.004 11.394 ±0.010 0.482 ±0.003 0.793 ±0.004 0.839 ±0.001 0.782 ±0.004 0.801 ±0.001 0.739
FlatQuant + CLC 6.512 ±0.005 11.372 ±0.007 0.485 ±0.002 0.796 ±0.003 0.841 ±0.004 0.788 ±0.002 0.834 ±0.001 0.749

LLaMA-3-8B

FP16 5.442 ±0.004 8.346 ±0.007 0.505 ±0.001 0.800 ±0.002 0.813 ±0.001 0.796 ±0.004 0.696 ±0.003 0.722

RTN 6.057 ±0.007 9.585 ±0.004 0.479 ±0.004 0.780 ±0.004 0.791 ±0.003 0.784 ±0.002 0.628 ±0.002 0.692
RTN + BC 6.071 ±0.006 9.328 ±0.005 0.481 ±0.002 0.782 ±0.003 0.794 ±0.003 0.780 ±0.004 0.639 ±0.003 0.695
RTN + CLC 6.024 ±0.007 9.252 ±0.003 0.490 ±0.002 0.781 ±0.002 0.796 ±0.003 0.782 ±0.001 0.668 ±0.004 0.703
AWQ 5.910 ±0.007 9.240 ±0.007 0.488 ±0.001 0.784 ±0.003 0.795 ±0.002 0.791 ±0.002 0.646 ±0.002 0.701
AWQ + BC 5.906 ±0.008 9.234 ±0.006 0.489 ±0.003 0.784 ±0.003 0.796 ±0.001 0.792 ±0.004 0.617 ±0.002 0.696
AWQ + CLC 5.885 ±0.007 9.199 ±0.005 0.493 ±0.004 0.788 ±0.001 0.799 ±0.002 0.788 ±0.002 0.679 ±0.002 0.709
GPTQ 6.011 ±0.005 9.370 ±0.008 0.487 ±0.001 0.783 ±0.002 0.798 ±0.003 0.788 ±0.001 0.689 ±0.003 0.709
GPTQ + BC 6.014 ±0.006 9.371 ±0.009 0.486 ±0.002 0.783 ±0.003 0.795 ±0.003 0.787 ±0.002 0.686 ±0.003 0.707
GPTQ + CLC 6.013 ±0.004 9.354 ±0.007 0.489 ±0.004 0.790 ±0.001 0.795 ±0.003 0.788 ±0.002 0.693 ±0.002 0.711
FlatQuant 6.113 ±0.004 9.772 ±0.005 0.471 ±0.004 0.777 ±0.001 0.796 ±0.001 0.776 ±0.004 0.678 ±0.003 0.700
FlatQuant + BC 6.114 ±0.006 9.801 ±0.004 0.466 ±0.003 0.773 ±0.001 0.798 ±0.002 0.779 ±0.001 0.678 ±0.001 0.699
FlatQuant + CLC 6.105 ±0.005 9.747 ±0.006 0.473 ±0.004 0.782 ±0.003 0.794 ±0.003 0.788 ±0.001 0.686 ±0.004 0.705

accuracy from 0.680 to 0.690. On LLaMA-3-8B,
AWQ+CLC reduces WikiText-2 PPL from 8.136
to 7.973 and C4 PPL from 13.293 to 12.977, and
improves average accuracy from 0.641 to 0.648.
This pattern is important because AWQ already
uses activation-aware information before the final
projection; CLC still provides an additional gain
by correcting the remaining lattice-level residual
rather than replacing the base quantizer.

For GPTQ and FlatQuant, the absolute perplex-
ity gains are smaller, as expected, because these
methods leave less residual error for a post-hoc
correction to remove. Nevertheless, CLC still
consistently improves the aggregate metrics. On
Qwen2.5-7B, GPTQ+CLC improves the average
score from 0.674 to 0.678, while FlatQuant+CLC
improves it from 0.725 to 0.736. On LLaMA-3-8B,
GPTQ+CLC improves the average from 0.633 to
0.636, and FlatQuant+CLC improves it from 0.670
to 0.673. These smaller but consistent gains sup-
port the interpretation of CLC as a complementary
final-stage correction: when the base quantizer al-
ready removes much of the reconstruction error,
CLC still recovers the structured component in-

duced by the final integer assignment.
The comparison with classical bias correction

further highlights why direct lattice correction is
preferable in bias-less LLMs. BC sometimes im-
proves perplexity, but its downstream behavior is
less reliable. For example, on LLaMA-3-8B with
RTN, BC reduces perplexity but lowers the average
downstream score from 0.617 to 0.592, whereas
CLC improves it to 0.629. On Qwen2.5-7B with
AWQ, BC reduces the average score from 0.680
to 0.662, mainly due to a large RTE drop from
0.678 to 0.614, while CLC improves the average to
0.690. Similarly, on LLaMA-3-8B with FlatQuant,
BC improves WikiText-2 PPL but worsens C4 PPL
and drops average accuracy from 0.670 to 0.653;
CLC improves both perplexity metrics and raises
the average to 0.673. These cases show that output-
side bias compensation can be decoupled from task
robustness, whereas CLC modifies the quantized
weights themselves and better aligns perplexity im-
provement with downstream accuracy.

Overall, the 3-bit additional-model results rein-
force the central claim of the paper: CLC is most
beneficial when the final projection error is large,
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Table 7: 3-bit AdaRound weight-only quantization results. PPL is reported on WikiText-2 and C4 (↓); downstream
accuracy and average are reported over five lm-eval tasks (↑)

PPL(↓) Downstream Accuracy(↑)

Model Method Wiki C4 arc-c arc-e boolq piqa rte Avg

Mistral-7B
FP16 4.845 ±0.001 7.535 ±0.002 0.509 ±0.002 0.802 ±0.001 0.837 ±0.003 0.800 ±0.003 0.686 ±0.004 0.727

Ada 5.742 ±0.006 8.910 ±0.005 0.428 ±0.003 0.753 ±0.002 0.767 ±0.002 0.776 ±0.003 0.671 ±0.002 0.679
Ada + BC 5.762 ±0.005 8.947 ±0.005 0.422 ±0.004 0.745 ±0.002 0.788 ±0.003 0.781 ±0.003 0.646 ±0.003 0.676
Ada + CLC 5.562 ±0.006 8.673 ±0.004 0.456 ±0.002 0.763 ±0.003 0.775 ±0.002 0.789 ±0.002 0.668 ±0.002 0.690

LLaMA-3.1-8B
FP16 5.522 ±0.005 8.409 ±0.006 0.522 ±0.003 0.822 ±0.004 0.830 ±0.001 0.791 ±0.002 0.711 ±0.003 0.735

Ada 10.453 ±0.008 17.368 ±0.008 0.411 ±0.004 0.718 ±0.004 0.726 ±0.002 0.747 ±0.003 0.556 ±0.003 0.631
Ada + BC 10.623 ±0.008 17.656 ±0.006 0.409 ±0.004 0.720 ±0.002 0.716 ±0.001 0.747 ±0.003 0.560 ±0.003 0.630
Ada + CLC 9.810 ±0.007 15.870 ±0.007 0.415 ±0.003 0.733 ±0.001 0.746 ±0.004 0.751 ±0.002 0.585 ±0.003 0.646

Table 8: 4-bit AdaRound weight-only quantization results. PPL is reported on WikiText-2 and C4 (↓); downstream
accuracy and average are reported over five lm-eval tasks (↑).

PPL(↓) Downstream Accuracy(↑)

Model Method Wiki C4 arc-c arc-e boolq piqa rte Avg

Mistral-7B
FP16 4.845 ±0.001 7.535 ±0.002 0.509 ±0.002 0.802 ±0.001 0.837 ±0.003 0.800 ±0.003 0.686 ±0.004 0.727

Ada 5.001 ±0.009 7.818 ±0.005 0.490 ±0.004 0.792 ±0.001 0.831 ±0.003 0.801 ±0.002 0.665 ±0.001 0.716
Ada + BC 5.003 ±0.005 7.819 ±0.003 0.491 ±0.001 0.792 ±0.001 0.831 ±0.001 0.797 ±0.002 0.664 ±0.002 0.715
Ada + CLC 4.992 ±0.005 7.806 ±0.004 0.493 ±0.003 0.792 ±0.003 0.834 ±0.003 0.800 ±0.003 0.664 ±0.001 0.717

LLaMA-3.1-8B
FP16 5.522 ±0.005 8.409 ±0.006 0.522 ±0.003 0.822 ±0.004 0.830 ±0.001 0.791 ±0.002 0.711 ±0.003 0.735

Ada 5.980 ±0.008 9.627 ±0.007 0.497 ±0.002 0.790 ±0.002 0.785 ±0.004 0.786 ±0.001 0.621 ±0.003 0.696
Ada + BC 5.984 ±0.008 9.631 ±0.002 0.501 ±0.001 0.792 ±0.003 0.789 ±0.002 0.787 ±0.002 0.625 ±0.002 0.699
Ada + CLC 5.938 ±0.002 9.542 ±0.002 0.503 ±0.004 0.794 ±0.002 0.794 ±0.002 0.786 ±0.004 0.632 ±0.002 0.702

but its gains are not limited to RTN or to a single
model family. Across Qwen2.5-7B and LLaMA-
3-8B, it improves activation-aware, second-order,
and transformation-based quantization, showing
that budgeted adjacent-level lattice correction is a
stable and architecture-preserving way to reduce
structured projection residuals.

H.2 Additional Models at 4-bit

Table 6 reports 4-bit results on Qwen2.5-7B and
LLaMA-3-8B. This setting is intentionally chal-
lenging for demonstrating incremental gains, be-
cause 4-bit weight-only PTQ is already relatively
strong and the gap to FP16 is smaller than in the
low-bit stress setting above. Nevertheless, CLC
improves C4 perplexity and average downstream
accuracy in every model-quantizer block, and im-
proves WikiText-2 perplexity in seven of the eight
blocks. The only exception is GPTQ on LLaMA-
3-8B, where WikiText-2 PPL changes marginally
from 6.011 to 6.013, while CLC still improves C4
PPL from 9.370 to 9.354 and average accuracy
from 0.709 to 0.711. This near-tie is consistent
with the main-paper observation that CLC is most
visible when the final lattice projection leaves a
larger structured residual, but remains beneficial on
the more stable C4 and downstream metrics even

for strong 4-bit quantizers.
The results on Qwen2.5-7B show that CLC trans-

fers cleanly beyond the models emphasized in
the main paper. Across RTN, AWQ, GPTQ, and
FlatQuant, CLC improves both perplexity metrics
and the average zero-shot score over the corre-
sponding base quantizer. The gains are partic-
ularly clear for downstream accuracy: CLC im-
proves the average score from 0.725 to 0.728 for
RTN, from 0.736 to 0.743 for AWQ, from 0.710
to 0.724 for GPTQ, and from 0.738 to 0.749 for
FlatQuant. The GPTQ case is especially informa-
tive: although the perplexity gain is small, CLC
substantially improves RTE from 0.729 to 0.787
and raises the average score by 1.4 points. This
suggests that correcting the structured lattice resid-
ual can improve downstream behavior even when
aggregate language-modeling perplexity appears
nearly saturated.

LLaMA-3-8B shows the same qualitative pat-
tern. CLC improves the average zero-shot score for
all four quantizers, from 0.692 to 0.703 for RTN,
from 0.701 to 0.709 for AWQ, from 0.709 to 0.711
for GPTQ, and from 0.700 to 0.705 for FlatQuant.
The RTN and AWQ blocks show the clearest gains:
CLC reduces RTN C4 PPL from 9.585 to 9.252
and improves RTE from 0.628 to 0.668, while for
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Table 9: Ablation of the CLC knee-point support mask, flip-budget cap, and James-Stein activation-mean estimator
on 3-bit AWQ. The sample mean variant replaces the James-Stein estimate with the ordinary calibration-set mean.
PPL is reported on WikiText-2 and C4 (↓); downstream accuracy and average are reported over five LM-Eval-
Harness tasks (↑). Bold marks the best CLC variant within each model block.

PPL(↓) Downstream Accuracy(↑)

Model Variant Wiki C4 arc-c arc-e boolq piqa rte Avg

LLaMA-3.1-8B
AWQ 8.094 ±0.007 13.157 ±0.006 0.413 ±0.002 0.745 ±0.002 0.715 ±0.002 0.756 ±0.001 0.624 ±0.004 0.651

w/o knee mask 7.906 ±0.008 12.914 ±0.009 0.408 ±0.002 0.747 ±0.004 0.721 ±0.002 0.762 ±0.002 0.591 ±0.003 0.646
w/o budget cap 7.903 ±0.005 12.876 ±0.008 0.409 ±0.003 0.748 ±0.003 0.718 ±0.004 0.763 ±0.003 0.617 ±0.001 0.651
w/o JS shrinkage 7.898 ±0.006 12.869 ±0.003 0.414 ±0.002 0.749 ±0.003 0.719 ±0.003 0.763 ±0.003 0.626 ±0.001 0.654
CLC (full) 7.893 ±0.007 12.851 ±0.007 0.417 ±0.002 0.749 ±0.001 0.724 ±0.002 0.764 ±0.002 0.638 ±0.003 0.658

Mistral-7B
AWQ 5.572 ±0.001 8.648 ±0.002 0.439 ±0.003 0.763 ±0.003 0.780 ±0.002 0.787 ±0.001 0.603 ±0.001 0.675

w/o knee mask 5.884 ±0.008 8.659 ±0.005 0.432 ±0.001 0.763 ±0.003 0.787 ±0.002 0.783 ±0.002 0.589 ±0.002 0.671
w/o budget cap 5.532 ±0.004 8.617 ±0.006 0.438 ±0.002 0.763 ±0.004 0.787 ±0.002 0.785 ±0.004 0.592 ±0.003 0.673
w/o JS shrinkage 5.564 ±0.009 8.627 ±0.010 0.439 ±0.004 0.764 ±0.002 0.790 ±0.002 0.785 ±0.002 0.612 ±0.003 0.678
CLC (full) 5.524 ±0.005 8.552 ±0.006 0.440 ±0.003 0.766 ±0.004 0.794 ±0.002 0.787 ±0.003 0.617 ±0.001 0.681

AWQ it reduces C4 PPL from 9.240 to 9.199 and
improves the average accuracy to 0.709. These im-
provements are notable because LLaMA-3-8B is
close to the LLaMA-3.1-8B model studied in the
main paper, yet CLC continues to provide consis-
tent post-quantization correction.

The comparison with classical bias correction
further supports the design choice of correcting the
integer weights directly. BC sometimes improves
perplexity, but its downstream effect is less reli-
able. For example, on LLaMA-3-8B with AWQ,
BC slightly improves WikiText-2 and C4 PPL but
reduces the average score from 0.701 to 0.696,
mainly due to a drop on RTE. On Qwen2.5-7B
with GPTQ, BC decreases the average score from
0.710 to 0.708, whereas CLC increases it to 0.724.
Similarly, for LLaMA-3-8B with FlatQuant, BC
worsens both C4 PPL and average accuracy, while
CLC improves both. These cases highlight the
limitation of output-side compensation: adding or
modifying a bias can partially offset a measured
mean shift, but it does not change the underlying
quantized lattice assignment. CLC instead revises
selected integer codes, which better aligns perplex-
ity improvements with downstream robustness.

Overall, the 4-bit additional-model results
strengthen the central claim that CLC is comple-
mentary to the base quantizer. The gains are not
restricted to plain RTN, nor to a single model fam-
ily: CLC improves activation-aware quantization,
second-order quantization, and transformation-
based quantization across both Qwen2.5-7B and
LLaMA-3-8B. Even in the high-precision 4-bit
regime where improvements are expected to be
small, CLC consistently improves the most impor-
tant aggregate metrics, indicating that the struc-

tured first-moment residual addressed by CLC per-
sists across architectures and PTQ pipelines.

H.3 Compatibility with Learned Rounding

Tables 7 and 8 evaluate CLC on top of AdaRound
at 3-bit and 4-bit, respectively. This setting tests
whether CLC remains useful beyond nearest-level
RTN-style projection, since AdaRound already
uses calibration data to learn rounding decisions
before CLC is applied. The remaining correction
space is therefore smaller and more structured:
CLC is no longer correcting naive rounding deci-
sions, but revising selected learned lattice choices
as a final post-processing step.

The 3-bit results in Table 7 show that CLC is
especially helpful when learned rounding is still
constrained by a coarse integer lattice. On Mistral-
7B, CLC reduces WikiText-2 PPL from 5.742 to
5.562 and C4 PPL from 8.910 to 8.673, while in-
creasing the average downstream score from 0.679
to 0.690. On LLaMA-3.1-8B, the gains are larger:
WikiText-2 PPL improves from 10.453 to 9.810,
C4 PPL from 17.368 to 15.870, and the average
score from 0.631 to 0.646. In contrast, bias cor-
rection degrades perplexity and average accuracy
in both 3-bit AdaRound settings. This reinforces
the same trend observed in the main experiments:
directly revising integer codes is a more reliable
correction than compensating the output shift with
an additional bias term.

At 4-bit, Table 8 shows smaller but consistent
gains. On Mistral-7B, CLC reduces WikiText-2
PPL from 5.001 to 4.992 and C4 PPL from 7.818
to 7.806, with the average downstream score in-
creasing from 0.716 to 0.717. On LLaMA-3.1-
8B, CLC improves WikiText-2 PPL from 5.980
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to 5.938, C4 PPL from 9.627 to 9.542, and aver-
age accuracy from 0.696 to 0.702. These improve-
ments are more modest than in the 3-bit setting, as
expected, because 4-bit AdaRound already leaves
less projection error for a post-hoc correction to
remove.

Overall, the AdaRound experiments show that
CLC is compatible with learned-rounding quantiz-
ers. Although AdaRound changes the interpreta-
tion of an adjacent lattice move, the final weights
still lie on an integer lattice, allowing CLC to act as
a lightweight final-stage correction. The consistent
improvements across both bit widths indicate that
the structured first-moment residual addressed by
CLC persists even after a calibration-driven round-
ing procedure, especially under more aggressive
3-bit quantization.

H.4 Ablation Study
We ablate the three stabilization components used
by CLC: the knee-point support mask, the flip-
budget cap, and the James-Stein activation-mean
estimator. The knee-point mask determines the reli-
able support on which lattice corrections are consid-
ered, excluding activation-outlier coordinates that
are more likely to cause harmful updates. The flip-
budget cap controls how aggressively the greedy
rule is allowed to apply adjacent-level flips within
this support. Finally, the James-Stein estimator re-
places the raw calibration-set mean with a shrunk
estimate, reducing the effect of noisy coordinate-
wise mean estimates when the calibration set is
small relative to the activation dimension.

Table 9 reports the ablation on 3-bit AWQ. We
compare full CLC against three variants: remov-
ing the knee-point mask, removing the flip-budget
cap, and replacing the James-Stein mean with the
ordinary sample mean. The full CLC configura-
tion gives the best overall trade-off on both models,
showing that the three components play comple-
mentary roles rather than acting as interchangeable
heuristics.

On LLaMA-3.1-8B, full CLC gives the best per-
plexity and the highest average accuracy among the
CLC variants. Removing the knee-point mask or
the budget cap still improves perplexity over AWQ,
but the average accuracy is weaker than full CLC,
mainly due to lower RTE. The sample-mean variant
is competitive, yet full CLC further improves the
average score from 0.654 to 0.658, while also giv-
ing the best WikiText-2 and C4 perplexities. This
suggests that James-Stein shrinkage helps stabi-

Table 10: Sensitivity analysis of budget hyperparameter
p of CLC on 4-bit Mistral-7B. We sweep p for AWQ
and FlatQuant and report WikiText-2/C4 perplexity (↓)
and PIQA/RTE accuracy (↑). Bold marks the best value
within each base quantizer.

Base Setting Wiki ↓ C4 ↓ PIQA ↑ RTE ↑

AWQ

Original 4.975 ±0.003 7.727 ±0.003 0.797 ±0.003 0.671 ±0.004

p = 0.01 4.969 ±0.006 7.717 ±0.005 0.798 ±0.001 0.682 ±0.003

p = 0.02 4.967 ±0.003 7.714 ±0.008 0.798 ±0.002 0.685 ±0.001

p = 0.03 4.966 ±0.005 7.713 ±0.006 0.801 ±0.001 0.687 ±0.001

p = 0.04 4.965 ±0.003 7.711 ±0.004 0.802 ±0.002 0.690 ±0.004

p = 0.05 4.966 ±0.007 7.712 ±0.009 0.799 ±0.004 0.693 ±0.002

FlatQuant

Original 5.072 ±0.005 7.854 ±0.005 0.794 ±0.004 0.660 ±0.002

p = 0.01 5.071 ±0.003 7.852 ±0.006 0.794 ±0.003 0.663 ±0.003

p = 0.02 5.070 ±0.005 7.850 ±0.007 0.795 ±0.002 0.665 ±0.001

p = 0.03 5.068 ±0.004 7.848 ±0.005 0.796 ±0.004 0.670 ±0.003

p = 0.04 5.067 ±0.008 7.848 ±0.003 0.799 ±0.001 0.675 ±0.002

p = 0.05 5.066 ±0.005 7.847 ±0.003 0.797 ±0.003 0.675 ±0.002

lize the correction beyond the perplexity objective
alone.

On Mistral-7B, the knee-point mask is more crit-
ical. Removing it substantially worsens WikiText-2
perplexity relative to both AWQ and full CLC, in-
dicating that flips on activation-outlier coordinates
can be harmful. Removing the budget cap and
replacing James-Stein shrinkage with the sample
mean remain competitive, but both underperform
full CLC on perplexity and average accuracy. Over-
all, the ablation supports the intended roles of the
three components: the knee mask filters unsafe
coordinates, the budget cap limits over-correction,
and James-Stein shrinkage stabilizes the activation
mean used for selection.

H.5 Sensitivity to the Flip Budget

We further analyze the sensitivity of CLC to the
flip-budget cap p. This budget controls how aggres-
sively CLC applies adjacent-level lattice updates
after the knee-point support has been constructed.
Importantly, p does not define the correction di-
rection and does not change the candidate support
itself; these are determined by the activation-mean
statistics and the knee-point rule. Instead, p only
limits how many candidate flips the greedy pro-
cedure may select within the reliable support. It
therefore acts as a safety mechanism: too small a
value may leave part of the structured first-moment
drift uncorrected, while too large a value may allow
the algorithm to consume lower-confidence flips af-
ter the dominant bias component has already been
reduced.

Table 10 shows that CLC is stable over a small
range of flip budgets. For both AWQ and FlatQuant,

3332



increasing p from a very small value improves
perplexity, indicating that the first few adjacent-
level updates remove a measurable portion of the
structured projection error. The gains, however,
saturate quickly. For AWQ, the best WikiText-2
and C4 perplexities are obtained around p = 0.04,
while larger budgets do not provide a clear addi-
tional benefit. FlatQuant exhibits the same behav-
ior, with the best or near-best results appearing
around p = 0.04-0.05.

This saturation is consistent with the design of
CLC. The largest first-moment errors are corrected
early because the greedy rule prioritizes flips that
most directly reduce the estimated channel-wise
shift while keeping the post-flip residual controlled.
Once these high confidence flips have been se-
lected, the remaining candidates are smaller in ef-
fect and less consistently beneficial across evalua-
tion metrics. As a result, allowing more flips does
not necessarily translate into better downstream
performance. This is visible in the downstream
columns: PIQA and RTE improve with moderate
budgets, but the improvement does not grow mono-
tonically once the main correction has already been
applied.

I Additional Analyses

This appendix collects supplementary analyses that
probe CLC beyond the settings of the main paper:
transfer to a newer model family on a generation-
based reasoning task (App. I.1), robustness to the
calibration-set size (App. I.2), the effect of inter-
layer error accumulation (App. I.3), and the exten-
sion of the formulation to group-wise quantization
(App. I.4). The scope of our theoretical guaran-
tees under GPTQ integration is discussed in Ap-
pendix G.2.

I.1 Newer Model Family and
Generation-based Reasoning

The main-paper evaluation already spans more
than two models: in addition to Mistral-7B and
LLaMA-3.1-8B, Appendix H reports Qwen2.5-
7B and LLaMA-3-8B. To further test whether
CLC transfers to a newer model family and to a
generation-based reasoning benchmark (rather than
multiple-choice zero-shot tasks alone), we evalu-
ate Qwen3-8B on GSM8K using the gsm8k_cot
8-shot generation setting, together with WikiText-2
and C4 perplexity. We focus on weight-only PTQ
for LLMs; Qwen3-8B is selected as a suitable re-

Table 11: Qwen3-8B under 4-bit AWQ with and
without CLC. Perplexity on WikiText-2 and C4 (↓);
GSM8K strict-match and flexible-extraction accuracy
(↑, gsm8k_cot, 8-shot).

Method Wiki ↓ C4 ↓ GSM8K Strict ↑ GSM8K Flex. ↑
FP16 8.477 14.174 87.95 88.10
AWQ 8.774 14.624 84.31 83.78
AWQ + CLC 8.773 14.552 85.44 84.46

Table 12: Effect of calibration-set size on LLaMA-3.1-
8B with 4-bit AWQ. WikiText-2 and C4 perplexity (↓),
base quantizer and +CLC.

Calib. size AWQ Wiki ↓ +CLC ↓ AWQ C4 ↓ +CLC ↓
FP16 5.522 — 8.409 —
64 5.882 5.862 9.190 9.159
128 5.885 5.862 9.183 9.159
256 5.884 5.862 9.199 9.156
512 5.886 5.863 9.188 9.152

cent LLM architecture for this regime.
Table 11 shows that CLC improves C4 perplexity

from 14.624 to 14.552 and, more importantly, im-
proves GSM8K strict-match accuracy from 84.31
to 85.44 and flexible-extraction accuracy from
83.78 to 84.46. These correspond to gains of ap-
proximately +1.14 and +0.68 percentage points,
recovering roughly one-third of the AWQ-to-FP16
gap in strict-match accuracy. CLC therefore trans-
fers to a newer model family and remains beneficial
on a more challenging generation-based reason-
ing task, and its downstream reasoning gains can
exceed what the corresponding perplexity change
alone would suggest.

I.2 Sensitivity to the Calibration-set Size

All main-paper experiments use 128 sequences
from C4, following the standard calibration set-
ting of GPTQ and AWQ (Frantar et al., 2023; Lin
et al., 2024). To assess sensitivity to the calibra-
tion budget, we sweep the calibration size over
{64, 128, 256, 512} sequences on LLaMA-3.1-8B
with 4-bit AWQ.

Table 12 shows that CLC improves AWQ at ev-
ery calibration size, by approximately 0.02 perplex-
ity on WikiText-2 and 0.03 on C4. The gains are
nearly unchanged from 64 to 512 sequences, indi-
cating that CLC is not sensitive to the calibration-
set size. This stability is consistent with the James–
Stein mean estimator (Section E.1), which reduces
calibration noise in the activation-mean estimate
used for flip selection.
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Table 13: Final-layer absolute mean output shift ver-
sus FP16 on LLaMA-3.1-8B (4-bit AWQ). E1 runs the
quantized network end-to-end (inputs carry upstream
errors); E2 feeds FP16 inputs to each quantized block.
Lower is better.

Final-layer abs. mean shift AWQ AWQ + CLC CLC reduction

E1 — accumulated 1.095× 10−3 6.331× 10−4 42.2%
E2 — isolated 4.874× 10−4 2.280× 10−5 95.3%

Accum. gap: E1 − E2 6.078× 10−4 6.103× 10−4 —

I.3 Inter-layer Accumulation of the Mean
Shift

CLC optimizes an isolated per-layer first-moment
error and does not explicitly minimize the accumu-
lated cross-layer output difference. We therefore
measure directly whether CLC remains effective
when quantization errors propagate through the full
network. Using 4-bit AWQ on LLaMA-3.1-8B, we
measure the final-layer absolute mean output shift
against the FP16 reference under two settings. E1
(accumulated) runs the quantized model end-to-
end, so each layer receives inputs containing all
upstream quantization errors. E2 (isolated) feeds
the FP16 input to each quantized block, matching
the layer-wise setting analyzed by CLC.

Table 13 shows that inter-layer accumulation
is non-trivial: for AWQ the accumulated shift is
approximately 2.2× the isolated shift. CLC re-
duces the accumulated end-to-end shift by 42.2%,
while nearly eliminating (95.3%) the isolated shift
that it directly targets. The remaining accumula-
tion gap is almost unchanged (6.078 × 10−4 vs.
6.103×10−4), indicating that CLC does not explic-
itly remove cross-layer interactions but also does
not amplify them. All perplexity and downstream
results in the main paper are evaluated on the fully
quantized network and therefore already include
these accumulation effects. A theoretically guar-
anteed propagated-input objective is an important
direction for future work.

I.4 Extension to Group-wise Quantization

All reported experiments already use group-wise
quantization with group size 128, a standard prac-
tical setting in weight-only PTQ. Here we make
the group-wise formulation explicit. Each output
channel is partitioned into groups, and each weight
(i, j) uses the step sg(i,j) of its corresponding group
rather than a single per-channel step. CLC applies
each adjacent-level flip using this group-dependent
step. The first-moment descent argument is un-

changed, because the greedy prefix search still in-
cludes the no-flip option. The layer-wise MSE
bound extends by replacing the per-channel step
with the group-dependent step sg(i,j) throughout,
so that the per-flip distortion and the supporting
quantities are evaluated with the step of the group
each flipped weight belongs to. The current experi-
ments use the standard group size of 128; the same
construction applies to other group sizes without
modification to the argument.
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