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Abstract

Post-training quantization (PTQ) is a widely adopted technique for com-
pressing large language models (LLMs) without retraining. Existing second-
order PTQ methods, including GPTQ, construct quantization objectives
exclusively from input activation statistics, effectively assuming that all out-
put channels contribute equally to the layer-wise reconstruction objective.
We propose KRONQ), a PTQ framework that challenges this assumption by
introducing the gradient covariance into the quantization pipeline. Under
the Kronecker-factored Hessian approximation, the quantization loss de-
pends jointly on both the activation and gradient covariances, and KRONQ
exploits this at two complementary levels. (1) KRONQ introduces bidirec-
tional incoherence processing, extending the existing input-side random
rotation to the output dimension using the gradient covariance, reducing
weight magnitude variance across both input and output dimensions. (2)
KRONQ derives a new sensitivity metric for inter-layer mixed-precision
allocation, driven by the gradient and activation Hessian traces. Notably, in
the case of 2-bit weight-only quantization on LLaMA-3-70B, while GPTQ
and GPTAQ diverge or produce degenerate quantizations (>2000 perplex-
ity on WikiText-2), KRONQ achieves 7.93 perplexity.

1 Introduction

Large language models (LLMs) have achieved remarkable performance across a wide range
of natural language understanding and generation tasks (Brown et al., 2020; Touvron et al.,
2023; Grattafiori et al., 2024). However, their growing parameter counts, reaching hundreds
of billions in recent models, pose significant deployment challenges, as the memory and
computational requirements far exceed what is available on commodity and edge hardware.
Quantization (Gholami et al., 2022; Liang et al., 2021) provides an effective solution by
compressing model weights and activations to low-bit representations, reducing both
memory footprint and inference latency. Among quantization techniques, post-training
quantization (PTQ) has attracted particular interest due to its practicality. It requires no
retraining and operates on a pretrained model using only a small calibration dataset.

PTQ methods for LLMs span several paradigms (Zhao et al., 2025): (1) Compensation-based
methods apply the Optimal Brain Surgeon (OBS) principle (Hassibi & Stork, 1992; LeCun
et al., 1989) layer-by-layer, using the input activation covariance as a proxy Hessian to
compensate for rounding error in weight quantization (Frantar & Alistarh, 2022; Frantar
etal., 2022; Kim et al., 2024; Li et al., 2025; Tseng et al., 2025; Kim et al., 2025). (2) Rotation-
based methods apply orthogonal transforms to weight matrices and activations to suppress
outliers before quantization (Chee et al., 2023; Tseng et al., 2024; Ashkboos et al., 2024; Liu
et al., 2024). (3) Salience-based methods identify sensitive weight channels via activation
magnitudes and protect them through per-channel scaling (Lin et al., 2024; Xiao et al., 2023).
These paradigms are complementary and are often combined in practice. In this work, we
focus on the compensation-based family, in particular GPTQ (Frantar et al., 2022) and its
successors, combined with orthogonal transforms from the rotation-based paradigm. These
methods have become the dominant framework for LLM weight quantization and are widely
integrated into production serving stacks, including HuggingFace Transformers (Wolf et al.,
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Figure 1: (a) Normalized diagonal entries of the gradient covariance Hg for Q, K, V, and
O projections in LLaMA-2-13B. Diagonal entries vary by orders of magnitude, revealing
heterogeneous output-side sensitivity. (b) WikiText-2 perplexity of GPTQ, GPTAQ, and
KRONQ on LLaMA-2-13B and LLaMA-3-8B across W4/W3/W2 weight-only quantization.

2020), GPTQModel (ModelCloud.ai & qubitium@modelcloud.ai, 2024), and vLLM (Kwon
etal., 2023).

However, compensation-based methods share a fundamental limitation: the quantization
objective is characterized solely through the input activation covariance Hx, which captures
only the input-side second-order information of the weight space. Under the Kronecker-
factored approximation (K-FAC) (Martens & Grosse, 2015), the full weight Hessian factorizes
as H ~ Hx ® Hg, where Hg = E[gg'] is the gradient covariance with g as the output
gradient. Yet compensation-based methods built on the GPTQ-style (Frantar et al., 2022)
column-wise OBS solver leave Hg unused, implicitly treating all output directions as equally
important by assuming Hg = I. As shown in Figure 1(a), output channels vary substantially
in gradient magnitude, making this a suboptimal approximation.

We propose KRONQ), a post-training quantization method built on the Kronecker-factored
Hessian approximation H ~ Hy ® Hg. By incorporating the gradient covariance Hg
into the quantization objective, KRONQ accounts for output-side Hessian information, a
dimension entirely overlooked by existing compensation-based methods. Our contributions
are as follows.

1. Kronecker-Factored Quantization Error. We extend the layer-wise quantization
objective to incorporate Hg under the K-FAC approximation and introduce bidi-
rectional incoherence processing. Notably, Hs cancels in the quantization update,
preserving the efficiency of the base quantizer.

2. Inter-Layer Mixed Precision via Joint Hessian Traces. We derive a sublayer sen-
sitivity metric from tr(Hg) - tr(Hy) that differentiates sublayers sharing identical
input statistics, enabling optimal bit-width allocation across sublayers.

3. Empirical Validation. We evaluate KRONQ on LLaMA-2 and LLaMA-3 from
7B to 70B across weight-only and weight-and-activation settings at W2/W3/W4,
achieving consistent state-of-the-art results with the largest gains at 2-bit, as shown
in Figure 1(b).

2 Related Work

Compensation-Based Post-Training Quantization. The Optimal Brain Surgeon (OBS)
framework (Hassibi & Stork, 1992; LeCun et al., 1989) provides the theoretical basis for
Hessian-guided weight perturbation. GPTQ (Frantar et al., 2022) scales this to LLMs by
performing column-wise OBS updates using the input activation covariance Hx as a proxy
Hessian, establishing the de facto standard for one-shot LLM quantization. BoA (Kim et al.,
2024) extends GPTQ with attention-aware Hessians that capture inter-layer interactions
within the attention module. GPTAQ (Li et al., 2025) improves upon GPTQ by correcting for
input drift caused by prior-layer quantization errors that accumulate during sequential layer-
wise quantization, substantially reducing perplexity at ultra-low bit-widths. Two recent
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methods go beyond input-only statistics. GuidedQuant (Kim et al., 2025) reweights Hx with
end-loss gradient saliency but ignores cross-output-channel structure. YAQA (Tseng et al.,
2025), the most closely related to our work, adopts the same factorization H ~ Hx ® Hg
but folds Hg into a modified LDLQ solver via costly power-iterated Hessian sketches. In
contrast, KronQ obtains Hg from a single backward pass and keeps the solver exactly
GPTAQ, using Hg only for incoherence processing and mixed-precision allocation.

Rotation-Based Post-Training Quantization. QuaRot (Ashkboos et al., 2024) and Spin-
Quant (Liu et al., 2024) apply orthogonal transforms to weight matrices and activations
to suppress outliers, enabling low-bit weight-and-activation quantization. QulP (Chee
et al., 2023) establishes the theoretical foundation, showing that incoherent weight and
Hessian matrices yield lower quantization error, and QulP# (Tseng et al., 2024) extends this
with the randomized Hadamard transform and lattice-based vector quantization for practi-
cal 2-bit quantization. More recent methods explore learnable transformations, including
Kronecker-structured affine maps (Sun et al., 2024) and jointly optimized orthogonal and
scaling transforms (Hu et al., 2025).

Mixed-Precision Quantization. Mixed-precision methods differ in granularity. Intra-layer
methods allocate bit-widths within a layer: SliM-LLM (Huang et al., 2024) uses weight
saliency and CMPQ (Chen et al., 2024) uses activation norms. Inter-layer methods assign one
bit-width per sublayer: HAWQ-V2 (Dong et al., 2020) ranks layers by Hessian traces, while
AMQ (Lee et al., 2025), Q-Palette (Lee & Song, 2026), and HIGGS (Malinovskii et al., 2025)
rely on evolutionary search, dynamic programming, and a linearity theorem, respectively.
All use only Hy, which is shared across Q, K, V and cannot differentiate them, whereas the
KronQ score tr(Hg) - tr(Hx) breaks this degeneracy via the output-side factor at the cost of
a single backward pass.

3 Preliminary

3.1 Compensation-based Quantization

Let X € R%n*" be a matrix of n calibration inputs stacked as columns, W € R%out*din the

weight matrix of a linear layer with input dimension d;, and output dimension doyt, and W
its quantized counterpart. The standard layer-wise PTQ objective minimizes the squared
output reconstruction error:

min |[WX — WX|3 = tr[(w—w) Hy (W—W)T}, (1)
w

where Hy = XX € R¥%n*9in is the input activation covariance, which serves as a proxy for
the layer-wise Hessian. GPTQ (Frantar et al., 2022) solves this objective greedily column by
column using the OBS (Hassibi & Stork, 1992) update. The compensation applied to the
remaining unquantized columns after quantizing column p is given by

W:,p — W;,p
[Hy'pp

where [Hy'],p is the p-th diagonal entry of the inverse Hessian and [Hy ']+ 1., is its p-th
column restricted to rows p + 1 onward. This distributes the quantization error of W.
optimally to the remaining weights. However, the layer-wise framework causes quantization
errors to accumulate across layers, as the objective in Equation (1) is evaluated on activations
already degraded by prior-layer quantization. GPTAQ (Li et al., 2025) addresses this by
correcting for input drift via asymmetric calibration:

AW, g, = — [Hy Ny 2)

min [|[WX — WX|? = mAintr[AWHXAWT—WAXXT AWT], 3)
W w

where AW = W — W, X is the input from the running quantized model, X is the correspond-

ing activation of the full-precision model, and AX = X — X is the input drift. Despite this
correction, GPTAQ inherits the same proxy Hessian Hy, leaving the output-side gradient
statistics unaccounted for.
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3.2 Incoherence Processing

Incoherence processing (Chee et al., 2023) is a preprocessing technique that reduces quanti-
zation error by spreading weight magnitudes uniformly across all dimensions. Formally,
the incoherence of W and its proxy Hessian Hx are measured by
Vdoutd;
u(W) = ~om—max [Wj|,  u(Hx) = /din - max|Q;l, 4)
IWI[E i ij

where Q denotes the eigenvector matrix of Hx, and lower y leads to tighter quantization
error bounds. Intuitively, this is achieved by randomizing the spectral directions of W and
Hy, so that rounding sensitivity is no longer concentrated along specific coordinate axes. To

this end, random orthogonal matrices U € R%ut*dout and V € R%n*4in are applied:

W<« UWV', Hy <+ VHxV'. (5)
After quantization, the rotations must be applied online during inference. QulP (Chee
et al., 2023) instantiates U and V as Kronecker-structured random orthogonal matrices,
introducing @ (d>/? 4 d3/?) inference overhead per layer. QuIP# (Tseng et al., 2024) replaces
these with randomized Hadamard transforms, reducing this to ®(di, log din + dout 10g dout)-
However, this incoherence process accounts only for input-side Hessian information through
Hy, leaving the output-side entirely unaddressed.

4 Method

4.1 Kronecker-Factored Quantization Error

The standard layer-wise PTQ objective in Equation (1) uses Hy as a proxy for the full
Hessian H, discarding the output-side statistics entirely. We recover this missing factor via
the Kronecker-factored approximation (Martens & Grosse, 2015; van der Ouderaa et al.,
2023). For a linear layer y = WX, the per-sample gradient factorizes as % = gx ', where
g = 0L /dy. The empirical Fisher approximation of H (Kunstner et al., 2019) gives:

vec oL vec oL !
oW oW
Since the joint expectation E[xx" © gg'] € R¥utdin*doutdin i intractable, we apply the K-

FAC independence assumption x LI g (Martens & Grosse, 2015; Botev et al., 2017), under
which the expectation factorizes:

H=E = ]E[(x@g)(x@g)q = lE[xxT®ggT}. (6)

H ~ E[xx'|®E[gg'] =: Hy®Hg, @)
reducing complexity from O(d2 d2,) to O(d2, + d2,,). Substituting (7) into (1) yields the
Kronecker-factored quantization objective:

min tr [HG AW Hy AWT} : ®)
W

Most existing PTQ methods implicitly set Hg = I. However, as shown in Figure 1(a), output
channels vary substantially in gradient magnitude, making this approximation suboptimal.
KRONQ retains Hg, estimated via a single backward pass over the calibration set and stored
as a dout X dout matrix. Building on GPTAQ (Li et al., 2025), we further correct for input drift
by incorporating the asymmetric correction from Equation (3):

min tr [HG (AW Hy AW — WAXX " AWT)} . )
w
The optimal weight update under (9) is characterized in the following proposition.

Proposition 1 (KronQ Weight Compensation) Under the column-wise OBS update applied to
(9), Hg cancels algebraically, and the weight compensation after quantizing column p reduces to:

AW, 1. = =8 [Hy |y i1+ Wep - [Pl pi1s (10)

where §p = (W, — /W;,p)/ [H;(l]pp is the scaled quantization error and P = o ((AXXTHy ") -
triu) H;(l is the GPTAQ asymmetric correction matrix.
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Figure 2: (a) u-incoherence of Hg before and after incoherence preprocessing across sublay-
ers of LLaMA-2-7B. (b) Weight magnitude distribution of Q_proj under three configurations:
original weights, after input-side incoherence (Hx only), and after bidirectional incoherence
(Hx + Hg), where CVj, and CV,y;: denote the coefficient of variation of column and row
norms, respectively.

The derivation of Proposition 1 is provided in Appendix A.1. KRONQ inherits the computa-
tional efficiency of GPTAQ while exploiting H for bidirectional incoherence processing
and mixed-precision allocation.

4.2 Bidirectional Incoherence Processing

Chee et al. (2023) and Tseng et al. (2024) show that quantization error can be reduced when
the proxy Hessian is incoherent—its eigenvectors are not aligned with the coordinate axes—
and that Hy is highly coherent in practice, motivating column-side incoherence processing.
Under the KRONQ objective (9), Hg appears as the complementary output-side Hessian
factor. This raises a natural question: is Hg also coherent?

We answer this via the incoherence measure y(Hg) = v/dout - max; ; |Q;;| from Equation (4).

Here, jt/+/dout — 1 indicates maximal coherence and y/v/dout — 0 indicates incoherence.
Figure 2(a) presents y(Hg)/+/dout before and after incoherence processing across sublayers
of LLaMA-2-7B. u(Hg) /+/dout reaches up to 0.99, but it drops below 0.10 for all sublayers
after incoherence processing, confirming that output-side rotation effectively incoherences
Hc. This motivates bidirectional incoherence processing (BilP). Extending the input-side
diagonal rescaling of Chee et al. (2023) to both column and row directions, we apply:

1/4
[Hx]ji Hgli \'/*
\%% ScWS Sy =di Sc =di 1 11
ToemRe mg(nwm - so=dig(en ) A

where the output-side S term, derived from Hg, is novel. Since the subsequent quan-
tization operates in the rescaled weight space, the Hessians are transformed accordingly
as Hy + sngxsgl and Hg « S(_;lH(;Sal, ensuring the KRONQ objective remains
consistent. We then apply orthogonal transforms:

W<« UWV', Hyx+«+ VHxV', Hg+« UHGU', AXX' «vAxx'v', (12

instantiating U and V as randomized Hadamard transforms (Tseng et al., 2024) to make
both H; and Hy incoherent with high probability. Figure 2(b) shows that incoherencing
Hyx alone leaves the output-channel coefficient of variation (CV,,:) nearly unchanged,
whereas bidirectional incoherence processing reduces both CV;,, to 0.36 and C V¢ to 0.34.
At inference, BilP introduces no additional overhead beyond QulP# (Tseng et al., 2024).
The diagonal rescaling Sx and S are reverted as elementwise operations with negligible
cost, while U and V introduce O (di, log din + dout log dout) per layer. The KRONQ objective
(Equation (9)) stays invariant under these transformations, as we formalize in Theorem 1
with proof in Appendix A.2.

Theorem 1 For any orthogonal U € Rutxdout gpd V ¢ R%n*dn, KRONQ objective
tr[Hg (AWHx AW T — WAXXT AW )] is invariant under the transformation (12).
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Figure 3: Sublayer sensitivity rankings under the KronQ score tr(Hg) - tr(Hx) and the
activation-only score tr(Hy) on LLaMA-2-7B and LLaMA-3-8B.

Chee et al. (2023) shows that incoherence processing reduces the worst-case rounding loss
under LDLQ by tightening the bound on tr(D), the diagonal factor of the LDL decompo-
sition of the proxy Hessian. Under the Kronecker approximation, this analysis extends to
both factors simultaneously.

Proposition 2 (KronQ-LDLQ Optimality) Let ux = pu(Hx) and ug = u(Hg) denote the
incoherence of Hy and Hg after BilP, and let kx = rank(Hy) and kg = rank(Hg). Then:

M rgkx ke

L K -LDLQ) <
worst( TOﬂQ Q) = 4din dout

'tr(Hx) tr(HG). (13)

This improves over GPTQ-LDLQ by a factor of tr(Dg)/dout < 1, where Dy is the diagonal
factor of the LDL decomposition of Hg, which is small whenever Hg is approximately low-

rank. The full derivation is given in Appendix A.3. The overall algorithms are summarized
in Algorithm 1 and 2.

4.3 Mixed-Precision Allocation via Joint Hessian Traces

Mixed-precision quantization allocates a bit budget across sublayers by ranking them
according to a sensitivity metric. Under the second-order approximation, the expected
quantization loss for layer ¢ is proportional to €7 - tr(H")) (Dong et al., 2020), where €2
denotes the per-element rounding error variance at bit-width b,. Since the goal is to rank
sublayers rather than compute absolute loss values, €7 is treated as a constant within each

layer (Dong et al., 2020), and sensitivity reduces to tr(H(®). Existing methods approximate

H ~ Hgf), yielding the activation-only score tr(Hgf) ). Under the Kronecker factorization
H ~ Hx ® Hg, this extends naturally to both factors:

E[L,] o tr(HY) - tr(H). (14)
We define the KRONQ sensitivity score as s; = tr(Hg)) . tr(Hgf) ), computed post-BilP, and
allocate higher bit-widths to sublayers with larger s,. Within a transformer attention block,

the query (Q), key (K), and value (V) projections share the same input, so Hg(Q) = Hg(K) =

Hg(V): any activation-only metric assigns identical sensitivity to all three. The KRONQ score
breaks this degeneracy via Hg, which differs across Q, K, and V as they receive different
downstream gradients. As shown in Figure 3, the sublayer rankings under tr(Hg) - tr(Hx)
differ substantially from those under tr(Hy) alone. The KRONQ score yields strictly better
perplexity-bit-width tradeoffs, as we quantify in Section 5.3.

5 Experiments

5.1 Experimental Setup

We evaluate KRONQ on the LLaMA family, from LLaMA-2-7B/13B/70B (Touvron et al.,
2023) to LLaMA-3-8B/70B (Grattafiori et al., 2024). We compare against GPTQ (Frantar
et al., 2022) and GPTAQ (Li et al., 2025) as primary baselines. We consider three regimes:
(i) weight-only quantization (WxA16), (ii) group quantization (WxA16, g=128), and (iii)
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Table 1: Weight-only quantization (WxA16) WikiText-2 perplexity | and zero-shot accuracy
1 on three reasoning benchmarks (PiQA, ArcC, WG), evaluated on LLaMA-2-7B. NaN
indicates diverged quantization, and — indicates results not available. Avg is reported only
when all three tasks are available.

Bits || Method L2-7B L2-13B L2-70B | L3-8B L3-70B | PIQA ArcC WG Avg

FP16 || - 5.47 4.88 3.32 6.14 2.85 78.5 406 673 621
OmniQuant | 5.74 5.02 3.47 - - 77.1 379 670 60.7
AWQ 5.83 5.06 3.48 7.11 - 76.0 - - -
BoA 5.62 5.10 6.56 78.4 439 691 638

SpinQuant 5.58 5.00 343 6.49 3.49 77.9 433 675 629
4 OSTQuant 5.64 4.94 341 6.53 3.19 78.9 445 68.6 640

QEP 5.75 5.03 3.49 6.65 - 76.3 - - -
QulP 8.43 5.14 3.83 7.00 - - - - -
QulP# 5.66 5.00 3.42 - - 77.2 404 675 617
GPTQ 5.82 5.37 3.50 8.61 27.49 77.2 412 687 624
GPTAQ 5.69 5.08 3.46 6.80 399.46 76.8 416 684 623
KRONQ 5.56 4.95 3.40 6.42 3.25 78.1 45.7 689 642
OmniQuant | 6.58 5.58 3.92 - - 73.6 353 636 575
AWQ 15.30 6.45 4.36 11.80 - 64.7 - - -
BoA 6.01 5.83 - 7.78 - 78.4 403 676 621
QEP 6.15 5.35 3.81 7.70 - 72.5 - - -
3 QulIP 12.05 5.50 4.14 8.29 - - - - -
QulP# 6.19 5.34 3.71 - - 76.1 381 651 59.8
GPTQ 6.74 9.41 547 8.24 2.6e3 76.0 365 657 594
GPTAQ 6.21 6.52 3.93 7.84 1.6e4 75.4 372 653 593
KRONQ 5.84 5.18 3.66 7.09 441 77.1 42,6 676 624
OmniQuant | 37.73 17.22 7.81 - - 57.5 216 515 435
AWQ NaN NaN NaN NaN - 50.7 - - -
BoA 12.76 18.33 - 21.70 - 64.9 283 545 492
QEP 11.97 8.42 5.87 27.33 - 50.5 - - -
2 QulIP 65.59 11.23 6.54 70.52 - 54.6 194 518 419
QulP# 12.30 7.60 4.87 - - 68.0 29.2 590 521
GPTQ 31.11 35.89 9.54 2543  2.6e3 63.0 284 539 484
GPTAQ NaN 20.43 6.41 18.27  NaN NaN NaN NaN NaN
KRONQ 8.15 6.99 5.14 11.92 7.93 68.8 29.1 61.0 529

weight-and-activation quantization (WxA4). For activation quantization, we utilize the
QuaRot (Ashkboos et al., 2024) framework. All other quantization configurations follow
GPTAQ (Li et al., 2025). Perplexity is measured on WikiText-2 (Merity et al., 2016) and zero-
shot accuracy is reported on seven commonsense reasoning benchmarks: PiQA (Bisk et al.,
2020), Arc-Easy (ArcE), Arc-Challenge (ArcC) (Clark et al., 2018), HellaSwag (HS) (Zellers
et al., 2019), WinoGrande (WG) (Sakaguchi et al., 2021), BoolQ (Clark et al., 2019), and
OpenBookQA (OBQA) (Mihaylov et al., 2018). All experiments use 128 calibration samples
from WikiText-2 with 2048 context lengths and are run on A100 GPUs. Hg is precomputed
via a single backward pass prior to calibration and loaded layer-by-layer on demand,
incurring no additional overhead during quantization. Results for prior works are taken
from their respective papers, except for OmniQuant (Shao et al., 2023) zero-shot accuracy,
which we reproduce using the official implementation.

5.2 Results on Uniform Precision

Weight-only Quantization. Table 1 shows WikiText-2 perplexity and zero-shot accuracy on
three reasoning benchmarks (PiQA, ArcC, WG) for per-channel weight-only quantization at
W4/W3/W2. The comparison baselines include OmniQuant (Shao et al., 2023), AWQ (Lin
et al., 2024), BoA (Kim et al., 2024), SpinQuant (Liu et al., 2024), OSTQuant (Hu et al,,
2025), QEP (Arai & Ichikawa, 2025), QulP (Chee et al., 2023), QulP# (Tseng et al., 2024),
GPTQ (Frantar et al., 2022), and GPTAQ (Li et al., 2025). For QulP#, we report the no-
E8P, no-finetuning variant to match our scalar quantization setting. KRONQ achieves the
lowest perplexity across nearly all settings, with the most significant gains at W2 and
W3 where activation-covariance-only methods degrade severely. The zero-shot accuracy
improvements mirror the perplexity gains, with KRONQ achieving consistently higher
accuracy across all benchmarks and bit-widths. On LLaMA-3-70B, GPTQ and GPTAQ
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Table 2: Wikitext-2 perplexity and zero-shot accuracy for weight-only group quantization
(g=128) at W2.

Model Method Bits | Wiki2| | PiQA ArcE ArcC HS WG BoolQ OBQA Avg?
OmniQuant | 2 | 1106 | 658 450 280 493 546 612 342 483
LLaMAo7E | GPTQ 2 | 27400 | 578 385 263 293 531 421 282 393
GPTAQ 2 | 2319 | 593 397 263 310 557 410 290 403
KRONQ 2 | 761 | 699 528 321 568 639 654 352 537
OmniQuant | 2 | 826 | 690 571 327 565 531 637 356 525
GPTQ 2 | 840 | 676 436 294 493 613 421 350 469
LLaMA-2-13B || cprAq 2 | 717 | 651 464 295 476 602 570 328 484
KRONQ 2 | 651 | 726 689 381 639 659 660 368 589
GPTQ 2 | 1641 | 552 342 209 451 587 593 294 433
LLaMA-3-8B || GPTAQ > | 1308 | 595 379 230 502 601 607 316 461
KRONQ 2 | 1076 | 690 563 344 533 633 659 342 538

Table 3: Wikitext-2 perplexity and zero-shot accuracy for weight & activation quantization.

Model Method Bits | Wiki2| | PiQA ArcE ArcC HS WG BoolQ OBQA Avgt

GPTQ W2A4 | 36.74 540 317 227 311 511 57.3 26.4 39.2
LLaMA-2-7B GPTAQ | W2A4 | 1091 61.6 447 251 433 555 62.1 30.2 46.1
KRONQ | W2A4 9.38 64.7 46.0 263 46.2 58.3 64.3 34.6 48.6

GPTQ W2A4 12.55 60.9 427 251 40,6 55.6 62.1 28.8 45.1
LLaMA-2-13B || GPTAQ | W2A4 8.41 66.5 520 294 494 58.6 62.5 35.2 50.5
KRONQ | W2A4 7.77 67.2 554 29.0 514 594 62.5 33.8 51.2

GPTQ W2A4 | 3279 56.5 367 218 346 528 60.0 27.2 414
LLaMA-3-8B GPTAQ | W2A4 19.14 59.9 404 243 410 538 62.6 27.8 44.3
KRONQ | W2A4 | 16.47 60.7 397 253 414 534 62.6 30.0 44.7

diverge or fail to produce valid quantizations, while KRONQ achieves 4.41 and 7.93 at W3
and W2, respectively. We attribute this to the anomalously large weight outliers unique
to LLaMA-3-70B, as further analyzed in Appendix D. The remaining zero-shot results,
comparison with gradient-based methods, and generalization to Mistral-7B are presented in
Appendix C.1, C.2, and C.3, respectively.

Group Quantization. Group quantization generally achieves better performance than
per-channel quantization due to its more optimized scaling factors and zero points. Table 2
reports results under weight-only 2-bit group quantization with 128 column blocks. KRONQ
maintains its lead over GPTQ and GPTAQ. For example, on LLaMA-2-7B, GPTQ degrades to
274.0 PPL under group quantization while KRONQ achieves 7.61. The perplexity comparison
with OmniQuant (Shao et al., 2023) and AWQ (Lin et al., 2024) and the results of 3 and 4-bit
are shown in Appendix C.4 and C.5, respectively.

Weight-and-Activation Quantization. For activation quantization, we apply QuaRot (Ashk-
boos et al., 2024) framework to suppress outliers. Table 3 presents W2A4 results on LLaMA-
2-7B/13B and LLaMA-3-8B. KRONQ consistently outperforms both baselines across all
settings. The gains are again largest at W2A4, where KRONQ reduces PPL from 36.74 to 9.38
on LLaMA-2-7B. The comparison with QuaRot (Ashkboos et al., 2024) and SpinQuant (Liu
et al., 2024) and other bit-width results are presented in Appendix C.6 and C.7, respectively.

Generalization to Newer Models and Harder Benchmarks. To verify that KronQ’s gains
are not specific to the LLaMA family or to perplexity, we evaluate recent model families:
Gemma-3-12B (Gemma Team, 2025), DeepSeek-R1-Distill-Llama-8B (Guo et al., 2025), and
Phi-4-mini-instruct (Abouelenin et al., 2025). Table 4 reports weight-only WikiText-2 per-
plexity at W4 and W2 against GPTQ (Frantar et al., 2022) and GPTAQ (Li et al., 2025). KronQ
wins all eight settings, and the margin widens sharply at W2, confirming that output-side
curvature is particularly valuable in the ultra-low-bit regime. Beyond perplexity, Table 5
evaluates four harder benchmarks, GPQA-Diamond (Rein et al., 2023), MMLU (Hendrycks
et al., 2020), AIME-2024 (Maxwell-Jia, 2025), and LiveCodeBench (Jain et al., 2025) on reason-
ing models, DeepSeek-R1-Distill-Llama-8B and Gemma-3-12B-IT at W4. KronQ outperforms
both baselines on all four benchmarks. The gains are largest on generative reasoning tasks
such as LiveCodeBench, where KronQ nearly doubles the GPTAQ scores on both models.
Full detailed evaluation settings are provided in Appendix C.8.
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Table 4: WikiText-2 perplexity (}) on newer Table 5: Accuracy (1, %) on harder bench-
2025 model families (WxA16, W4/W2). marks (W4A16).

Model Bits | GPTQ | GPTAQ | KRONQ Model Benchmark GPTQ | GPTAQ | KRONQ
W4 | 39.77 34.84 27.97 LiveCodeBench 19.9 16.3 37.3
Gemma-3-12B-PT
W2 | 13e4 | 2690 60.10 DeepSeek-R1- AIME-2024 10.0 133 16.7
W4 | 6037 | 28.82 25.60 Distill-Llama-88 | MMLU 4415 | 4051 53.17
Gemma-3-12B-IT W2 | 713 | 9408 | 5439 GPQA-Diamond || 2880 | 27.27 | 29.29
. W4 | 16.56 15.32 13.58 LiveCodeBench 7.8 9.6 223
DeepSeek-R1-Distill-Llama-8B w2 | 7353 110.34 277 Cemma3-12BIT AIME-2024 10.0 10.0 233
< MMLU 64.82 | 65.21 70.02
Phid-mini-instruct W4 | 1381 | 11.80 10.17 )
W2 | 111.42 31.07 19.26 GPQA-Diamond 32.83 34.34 38.38

e . 207
Table 6: Sublayer sensitivity rankings and > O SliM-LLM
WikiText-2 perplexity on LLaMA-2-7B. Each % 16 E @ SliM-LLM+
row cumulatively upgrades one additional & N A CMPQ
o121 S @ KronQ
sublayer to W3 across all layers. £ O
> 10t
. : - & gl
Score Ranking Avg bits  Wiki2| o PR
baseline W2 - 2.00 8.15 ;—‘ 61 ba
1: down_proj 2.17 7.22 5L [ | 6p8 69 i
tr(Hg)-tr(Hx) 2: gate_proj 229 6.74 20 wQW}gwp"bm?’« 29
3: up_proj 2.43 6.38 -
Average Bit-width
1: gate_proj 2.17 7.45 . s .
tr(Hy) 0. E;;rg;oj 229 6.92 Figure 4: WikiText-2 perplexity vs. aver-
3: down_proj 243 6.38 age bit-width on LLaMA-2-7B, comparing

KRONQ with prior mixed precision works.

5.3 Results on Mixed-precision

We evaluate the mixed-precision allocation strategy by incrementally upgrading the most
sensitive sublayers from W2 to W3 according to the sensitivity score s = tr(Hg) - tr(Hx)
in Equation (14), applying each upgrade across all transformer layers. Table 6 compares
the sublayer rankings and WikiText-2 perplexity under the KronQ joint score versus the
activation-only score tr(Hy) on LLaMA-2-7B. The activation-only score produces subop-
timal allocations: its top-1 sublayer (gate_proj) yields higher perplexity than the top-1 of
the KronQ joint score (down_proj) at the same average bit-width. The KronQ joint score
resolves this degeneracy via Hg, yielding strictly better PPL-bits tradeoff. Figure 4 further
compares KRONQ mixed-precision against SliM-LLM (Huang et al., 2024), SliM-LLM+,
and CMPQ (Chen et al., 2024) on LLaMA-2-7B, demonstrating that KRONQ achieves lower
perplexity than W3 baselines at only ~2.6 average bits. Other architectures show the same
trend in Appendix C.9, and a comparison with inter-layer mixed-precision methods is
provided in Appendix C.10.

5.4 Memory and Latency

Beyond calibration cost, we measure the end-to-end inference benefit of quantization in
Figure 5. On the memory side, KronQ reduces peak inference VRAM by 3.5-3.9 x at W4 and
4.0-7.5x at W2 over the bf16 baseline, consistently across model scales. This compression
directly translates into deployment enablement: a 70B model that requires two 80 GB A100s
in bf16 (138-141 GB) fits comfortably on a single A100 at W4 (35-39 GB). On the latency side,
the reduced memory traffic yields 1.25-2.51x faster decoding, measured as time per output
token (TPOT), on the 7B-13B models under a matched single-GPU configuration. We report
the 70B latency as well, though its bf16 baseline spans two GPUs and is included only for
context.

5.5 Analysis

Ablation Study. We conduct three ablation studies to isolate the contribution of each
component in KRONQ, with W2 WikiText-2 perplexity shown in Table 7. First, to isolate
the contribution of the base quantizer, we replace GPTAQ with a plain GPTQ base. This
degrades perplexity from 8.15/6.99/11.92 to 9.81/7.95/14.52 on LLaMA-2-7B/13B and
LLaMA-3-8B, confirming that drift correction and BilP are complementary. Second, we ex-
amine the effect of diagonal rescaling (Sx, S¢) in BilP. Removing the scaling while retaining
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[ bfle A w4 N W2

Peak VRAM (GB)

L2-7B L2-13B L3-8B L2-70B L3-70B
(a) Peak inference VRAM (GB) across precisions

I bfl16
N w4

o

10%4

TPOT (ms/token)
=
(=)

3.47x
5.58%
1.25x
4 2.51%
1.97x

L2-7B L2-13B L3-8B L2-70B L3-70B
(b) Decoding latency (TPOT, ms/token)

Figure 5: Inference efficiency of KronQ quantized models. (a) Peak VRAM and (b) decoding
latency (TPOT) at batch size 1, relative to the bf16 baseline. For 70B, the bf16 baseline runs
on two GPUs due to OOM on single GPU, while W4 runs on a single GPU.

Table 7: Ablation study on WikiText-2 perplexity at W2.

Model Base Scaling (Sx, Si) Incoherence

GPTQ GPTAQ X v Hx only Hgonly BilP
LLaMA-2-7B 9.81 8.15 8.44 8.15 8.47 180.43 8.15
LLaMA-2-13B 7.95 6.99 7.10 6.99 7.13 81.18 6.99
LLaMA-3-8B 14.52 11.92 12.94 11.92 12.56 14.55 11.92

the Hadamard rotations consistently degrades perplexity across all models, demonstrating
that diagonal rescaling is a necessary complement to the orthogonal transforms. Third, we
ablate the rotation directions in BilP. Applying input-side incoherence (Hx only) already
reduces perplexity, confirming the importance of suppressing input-side outliers (Chee
et al.,, 2023). Output-side incoherence alone (Hg only) degrades severely on LLaMA-2-
7B/13B as input-side outliers remain unaddressed. Combining both directions consistently
achieves the lowest perplexity, demonstrating that Hg provides complementary output-side

correction that Hx alone cannot capture.
Calibration Efficiency.

KRONQ introduces a moderate latency
overhead over GPTAQ (+8-11s/layer
across models), attributable to the bidirec-

Table 8: Calibration latency (s/layer) and
memory needed to perform calibration
(GiB) per layer. t represents H¢ offload

tional Hadamard rotations in BilP, which  after BilP.
require dense matrix multiplications for
both Hy and Hg. This overhead is con- ~ Model Method Latency ~ Memory
sistent across model sizes, reflecting that GPTQ 24.95 1.57
the dominant cost scales with the hidden =~ LLaMA-27B GPTAQ ~ 30.11 199
dimension rather than the total parameter KRoNQ 3825 320 - 199
count. For memory, KRONQ additionally GPTQ 2613 1.97
stores Hg as a full dout X doyt matrix during LLaMA-3-88  GPTAQ 3521 2.54

. i ; KRONQ 4559  4.38 — 2541
BilP preprocessing, causing a temporary
memory overhead above GPTAQ. How- LLaMA-2-13B 85%2() gggg g:ﬁ
ever, since Hg cancels algebraically in KRONQ 5074 502 — 311"

the column-wise quantization updates in
Proposition 1, it is released upon completion of BilP, and the memory required for the
subsequent quantization loop is identical to GPTAQ. Per-sublayer memory breakdown is
provided in Appendix E.

6 Conclusion

We presented KRONQ, a PTQ framework that incorporates the gradient covariance H into
the quantization pipeline. KRONQ exploits H for bidirectional incoherence processing
and inter-layer mixed-precision allocation, while inheriting the computational efficiency of
GPTAQ as Hg cancels algebraically in the quantization updates. Experiments on LLaMA-2
and LLaMA-3 from 7B to 70B show consistent gains across W2/W3/W4, with the largest
improvements at 2-bit, where activation-covariance-only methods degrade severely. The
limitations of this work are presented in Appendix F.
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A Proofs

A.1 Proof of Proposition 1 (KronQ Weight Compensation)
The general OBS optimal weight update (Hassibi & Stork, 1992) is:
A6 = —H 'E,(E,H 'E,) 15, (15)

where 8 = vec(W), E, = I ® ¢, is the selection matrix for column p, and J, is the quantiza-
tion error. Under the K-FAC approximation H = Hy ® Hg, we have H™! = H§1 ® Hél.

We compute the two terms in the OBS formula. First:

E,H'E, = (Ioe) ) (Hy' 9 HZ')(I®ey)

= [Hy'lpp @ HG'
= [Hy'],p - HGL (16)
Second:
H'E, = (Hy! 9 H ) (I®ep) = [Hy'],, @ HSL (17)

Substituting into the OBS formula, Hgl appears in both numerator and denominator and
cancels algebraically:

Hy')p @ HS'

AW. ==
Lp+1: 1 1
[HX ]PP “Hg

'5;7 = _‘517 : [H§1]p,p+lzr (18)

where 6, = (W, — W\;,p) / [Hgl]pp. Adding the GPTAQ asymmetric correction term (Li
et al., 2025) yields (10). |

A.2 Proof of Theorem 1 (Rotation Invariance)

Denote the transformed quantities after (12) as W = UWV ', H; = UHGU', Hy =
VHxV', and (AXX")" = VAXX'V'. Note that AW = W — W = UAWV . We verify
invariance of each term separately.

For the first term:
tr [ﬁc AW’ Hy (AW’)T} —tr [UHGUT “UAWVT . VHyVT . VAWTUT
—tr [UHGAWHXAWTUT}

—tr [HG AW Hy AWT] ) (19)

where the second step uses UTU = Iand V'V = I, and the third step uses the cyclic
property of the trace.

For the second term:
tr [ﬁc W (AXXT)' (Aw’ﬂ —tr [UHGUT UWVT - VAXX VT .vAW U
— tr [UHG wAxx" AWTUT}

—tr [HG yed AWT] ) (20)

where the second step uses U'U = Iand V'V = I, and the third step uses the cyclic
property of the trace.

Since both terms are individually invariant, the full KRONQ objective (9) is invariant under
the transformation (12). O
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A.3 Proof of Proposition 2 (KronQ-LDLQ Optimality)

Kronecker LDL factorisation. Let Hx = LXDXL§ and Hg = Lg DGLE be LDL decom-
positions, where Ly = Ux + I and Lg = Ug + I are unit lower-triangular. Using the
mixed-product property of the Kronecker product:

Hy ® Hg = (LxyDxL}) ® (LgDGLE) = (Lx ® Lg)(Dx ® Dg)(Lx ® Lg)".  (21)

Since Ly ® L¢ is unit lower-triangular (the Kronecker product of two unit lower-triangular
matrices is unit lower-triangular under the standard lexicographic ordering of index pairs),
this is a valid LDL decomposition of Hx ® Hg. The diagonal factor is Dy ® D¢, and:

tr(Dx ® Dg) = Z[DX]ii[DG]jj = tr(Dx) - tr(Dg). (22)
i

Since the worst-case LDLQ proxy loss equals %tr(D) (Chee et al., 2023), it follows that:

Lworst(KronQ-LDLQ) = i tr(Dx) - tr(Dg)- (23)

Per-factor incoherence bound. We apply Lemma 2 of Chee et al. (2023) to each Kronecker
factor separately. A symmetric positive semidefinite matrix M € R**" is y-incoherent if all
eigenvectors v; satisfy ||v;||e < pt/+/n. For y-incoherent M, QuIP Lemma 2 gives:

2
a(Du) < S (M2, (24)

where D), is the LDL diagonal of M. The eigenvectors of Hx ® Hg are v; ® u; where

v, u; are eigenvectors of Hy and Hg respectively. Each entry satisfies |[v; ® uile| =

. . i B
oy | ]y < 55 - oo,
dindout- Applying the per-factor bound and trace invariance under orthogonal conjugation

(tr(AY?) = tr(HY?), tr(HY?) = tr(HY?)):

so Hy ® Hg is (jxjic)-incoherent with ambient dimension

1 ]‘%{ ]‘%; 1/2\2 1/2\2
4 tr( X) tr( G) — ]din dout tr( X ) tr( G ) (2 )

Finally, applying tr(H'/2)? < rank(H) - tr(H) to each factor (by Cauchy-Schwarz on the
eigenvalues) gives:

2.2 2 .2
Hx MG 1/242 1/2v2 _ MxHgkxke
—="= .tr(H tr(H < =22 - — .t&r(Hx)tr(Hg), 26
4 dip, dout ( X ) ( G ) = 4di, dout ( X) ( G) (26)
where kx = rank(Hy) and kg = rank(Hg). O

Comparison with QuIP. Setting Hg = I (rank-dout, g = 1, kg = dout) recovers the
QuIP (Chee et al., 2023) bound u3kx tr(Hx) / (4di ). KronQ+BilP improves this bound by

the factor ykg /dout, which can be substantially less than one when Hg is approximately
low-rank.

Table 9: Worst-case proxy loss under LDLQ rounding.

Method Worst-case proxy loss
Nearest rounding % tr(Hy) - tr(Hg)
GPTQ-LDLQ (H¢ = 1) 1tr(Dx) - dout
KronQ-LDLQ (ours) 1tr(Dx) - tr(Dg)
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B

KRONQ Algorithm

Algorithm 1 Bidirectional Incoherence Pre-Processing (BilP)

Require: FP weight W ¢ RAout*din degraded input X € R¥%n*n EP input X € R X1, H; € R%out X dout

(precomputed)
: Hy «+ XXT; AXXT «+ (X=X)XT > online statistics
: sample random Hadamard U € RAoutXdout |V ¢ R%in*din
1 Sx (diag(HX)/diag(WTW))l/4 > input-side rescaling
: Sg < (diag(Hg)/ cliag(WWT))l/4 > output-side rescaling

W — Sg WSy

Hy + Sy'HxSyh AXXT + S'AXXTSy!; Hg « S;'HgS!

W« UWVT; Hyx + VHxVT; AXXT « vAXXTvT > incoherence
: Hg < UHGUT; release Hg > Hg not needed after BilP (Prop. 1)

: return W, Hy, AXXT, Sy, S, U, V

Algorithm 2 KronQ - Quantization Loop

Require: W € R"*" Hy € R"*", AXXT e R"<", Sx, Sg, U, V (from Alg. 1), block size B, damp-

P NI N

g
BN o 0

ing A, scaling «

: Hx <+ Hx + A - mean(diag(Hx)) I > damping
: L < Inverse_Cholesky(Hy)

P« a((AXX"-L)oMy)LT > GPTAQ correction; My;: upper-triangular mask
Q < 0pxn; E < 0pxp
fori =0, B, 2B, ...do
forj=1i,i+1, ..., i+B—1do
Q. quan(W, )

E ;i< (W,;—-Q,) /L

T P. ...
W.jii+8) < W jii+B) — B j—i Lj,j:(z‘+B) TW.,iPj v
end for

W. (irB): < W. (i1, — E- L,-T(HB),(HB); +W. ii+B) Pi(i+B), (i+B):

: end for
Q<+« UTQV;, Q« Sgl Q S;(l > revert incoherence & rescaling
: return Q

C

Additional Experiments

C.1 Zero-shot Accuracy on Weight-only Quantization

Table 10: Zero-shot accuracy on reasoning benchmarks (PiQA, ArcE, ArcC, HS, WG, BoolQ,
OBQA) for weight-only quantization (WxA16) at W4/W3/W2. NaN indicates diverged

quantization.
Model Method Bits | PIQA  ArcE  ArcC HS WG BoolQ OBQA Avg?
GPTQ 4 77.2 69.2 41.2 70.5 68.7 67.3 40.8 62.1
GPTAQ 4 76.8 70.6 41.6 70.3 68.4 68.1 42.6 62.6
KrRONQ 4 78.1 73.7 45.7 75.2 68.9 78.1 43.6 66.2
OmniQuant 3 74.0 62.6 36.3 67.6 63.6 65.7 39.8 58.5
GPTQ 3 76.0 59.4 36.5 66.8 65.7 65.9 40.0 58.6
BoA 3 78.4 69.3 40.3 72.0 67.6 74.2 41.2 63.3
LLaMA-2-7B GPTAQ 3 75.4 62.0 37.2 65.9 65.3 66.1 38.4 58.6
KRONQ 3 771 72.4 42.6 72.0 67.6 75.4 41.6 64.1
OmniQuant 2 57.2 35.3 26.1 31.7 51.5 51.1 30.6 40.5
GPTQ 2 63.0 45.1 28.4 42.8 53.9 52.3 28.4 448
BoA 2 64.9 47.7 28.3 45.5 54.5 64.7 29.6 479
GPTAQ 2 NaN NaN NaN NaN NaN NaN NaN NaN
KrRONQ 2 68.8 55.0 29.1 52.3 61.0 62.7 35.0 52.0

Continued on next page
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Table 10 — continued

Model Method Bits | PiIQA  ArcE  ArcC HS WG BoolQ OBQA Avg?
GPTQ 4 77.3 73.7 45.6 67.6 71.1 71.0 432 64.2
GPTAQ 4 77.9 74.4 46.5 73.1 71.3 75.5 448 66.2
KRrRONQ 4 80.2 74.7 48.0 79.1 71.8 82.1 44.8 68.7
OmniQuant 3 777 69.0 42.7 72.8 65.9 69.0 38.8 62.3
GPTQ 3 72.5 62.8 36.8 54.4 65.5 66.5 36.6 56.4
BoA 3 77.4 69.3 43.5 74.7 62.5 78.9 35.2 63.1
LLaMA-2-13B GPTAQ 3 75.1 65.5 39.0 62.6 64.2 67.3 38.2 58.8
KRONQ 3 79.3 73.5 46.5 77.0 71.2 78.9 45.0 67.3
OmniQuant 2 62.9 444 28.4 49.7 52.6 62.2 33.8 477
GPTQ 2 57.9 36.2 234 37.3 53.2 62.1 28.2 42.6
BoA 2 63.3 46.3 29.8 49.3 52.6 62.2 27.6 47.3
GPTAQ 2 54.8 33.1 21.4 31.7 52.0 58.0 29.4 40.1
KRONQ 2 72.4 62.5 36.4 59.4 65.1 69.4 37.0 57.5
GPTQ 4 82.3 81.0 57.6 82.7 774 82.3 48.0 73.0
GPTAQ 4 82.8 81.5 57.3 82.8 77.0 824 47.8 73.1
KRONQ 4 82.3 80.3 57.9 83.8 79.9 85.4 49.2 74.1
OmniQuant 3 80.7 75.6 458 78.1 73.6 66.5 42.6 66.1
GPTQ 3 80.4 78.9 55.8 80.2 76.2 79.1 46.0 70.9
LLaMA-2-70B GPTAQ 3 81.7 77.5 544 79.8 75.2 81.6 458 70.9
KRONQ 3 82.3 81.9 58.3 82.5 78.5 83.0 48.8 73.6
OmniQuant 2 69.9 55.5 31.5 55.4 53.6 64.9 33.8 52.1
GPTQ 2 72.1 64.7 37.6 58.0 66.9 66.6 40.2 58.0
GPTAQ 2 72.2 64.4 36.8 58.4 64.6 69.9 34.6 57.3
KRONQ 2 77.4 75.9 46.9 72.0 75.0 79.7 43.2 67.2
GPTQ 4 79.4 75.7 49.7 75.6 73.5 77.1 44.8 68.0
GPTAQ 4 80.0 75.7 49.7 77.2 72.5 76.5 444 68.0
KRONQ 4 79.4 78.2 51.5 78.2 73.2 82.2 44.2 69.6
GPTQ 3 74.5 62.6 39.7 70.0 67.8 73.3 38.6 60.9
BoA 3 77.3 72.8 45.1 72.7 714 78.7 42.6 65.8
LLaMA-3-8B GPTAQ 3 73.5 60.1 40.4 70.8 69.9 75.7 41.0 61.6
KRrRONQ 3 77.5 74.5 50.2 74.9 71.7 81.1 41.2 67.3
GPTQ 2 54.2 34.0 22.3 37.9 495 459 28.0 38.8
BoA 2 59.9 449 26.6 43.3 55.8 60.5 29.4 458
GPTAQ 2 55.0 33.1 23.6 38.1 53.4 46.8 28.0 39.7
KRrRONQ 2 67.0 50.7 30.6 49.0 61.1 66.1 33.0 51.1
GPTQ 4 50.2 26.3 24.6 59.8 56.4 66.9 33.2 453
GPTAQ 4 56.9 39.6 25.6 30.1 54.4 48.1 29.0 40.5
KRONQ 4 84.2 81.8 61.7 84.8 79.1 86.8 48.0 75.2
GPTQ 3 52.0 25.3 26.1 26.4 49.0 41.2 28.4 355
LLaMA-3-70B GPTAQ 3 50.0 259 27.5 26.2 49.7 379 30.0 35.3
KRONQ 3 83.5 80.4 58.8 83.1 79.5 85.4 47.2 74.0
GPTQ 2 51.7 25.6 26.4 26.4 49.0 37.8 27.4 349
GPTAQ 2 NaN NaN NaN NaN NaN NaN NaN NaN
KRONQ 2 77.6 73.2 44.5 66.0 72.6 79.1 39.6 64.7

C.2 Comparison with Gradient-Based Methods

YAQA (Tseng et al., 2025) shares the K-FAC form H ~ Hyx ® H¢ but folds Hg into a modified
LDLQ solver, whereas KronQ uses Hg only for incoherence and bit allocation. Table 11
shows that KronQ attains lower perplexity at an order-of-magnitude lower calibration
cost. GuidedQuant (Kim et al., 2025) weights the input-side Hessian by per-output-channel
saliency, missing the cross-output-channel structure that Hg captures. As shown in Table 12,
KronQ matches or exceeds its LNQ-based results with a plain uniform per-channel grid.

Table 11: YAQA setup (LLaMA- Table 12: GuidedQuant setup (LLaMA-2, WikiText-
3.1-8B-Instruct, WikiText-2, ctx 8192, 2, ctx 4096).
INT4 per-channel).

Model Bits LNQ+GuidedQuant KronQ

Method WikiText-2 PPL

L2-7B W3 5.57 5.44
BF16 6.50 L2-13B W3 491 4.84
LDLQ 6.76 L2-70B W3 3.47 3.48
YAQA-A 6.71 L27B W2 8.83 7.64
YAQA-B 6.72 L2-13B W2 7.26 6.50
KronQ 6.69 L2-70B W2 5.04 5.07
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C.3 Comparison on Mistral-7B
Table 13 extends the weight-only quantization evaluation to Mistral-7B (Jiang et al., 2024),
demonstrating that KRONQ generalizes beyond the LLaMA family.

Table 13: Weight-only quantization (WxA16) WikiText-2 perplexity | on Mistral-7B.

AWQ QEP QulP GPTQ GPTAQ KRONQ

W4 572 548 11.11 896 6.95 5.32
W3 790 584 711 53246 12.89 5.54
W2 NaN 959 26.63 5900.69 27.07 7.78

C.4 Comparison with Previous Works on Group Quantization

Table 14 reports WikiText-2 perplexity under group quantization (§=128), where Omni-
Quant (Shao et al., 2023) and AWQ (Lin et al., 2024) results are taken from their papers.

Table 14: Weight-only group quantization (WxA16, g=128) WikiText-2 perplexity.

LLaMA-2-7B LLaMA-2-13B LLaMA-2-70B
Method W4 W3 W2 W4 W3 W2 W4 W3 W2
RTN 572 6.66 4.2e3 | 498 551 122.08 | 346 3.97 27.27
GPTQ 557 6.02 27400 | 495 522 840 |339 364 522
AWQ 560 624 NaN | 497 532 NaN | 341 374 -
OmniQuant | 558 6.03 11.06 | 495 528 826 |340 378 6.55
GPTAQ 556 588 2319 | 494 516 717 |339 3.64 528
KRONQ 554 577 761 | 493 514 6.51 |3.38 3.60 4.85

C.5 3 and 4-bit Results on Group Quantization

Table 15 provides full W2/W3/W4 results under group quantization (§=128). KRONQ
maintains its lead across all bit-widths and model sizes, with particularly large margins at
W2 where per-channel methods struggle.

Table 15: Group quantization (WxA16, g=128), full results (W2/W3/W4).

Model Method | Bits | Wiki2| | PIQA ArcE ArcC HS WG BoolQ OBQA Avgl
GPTQ 4 | 557 | 786 726 447 752 690 778 440 660
GPTAQ | 4 | 556 | 791 738 445 752 690 764 436 659
LlaMAoyp | KRONQ | 4 | 554 | 784 731 449 757 693 794 430 662
GPTQ 3 | 602 | 767 686 413 718 679 729 412 629
GPTAQ | 3 | 588 | 773 697 412 724 687 669 406 624
KRONQ | 3 | 577 | 775 720 434 733 674 751 408 642
GPTQ 4 | 641 | 803 782 520 783 736 809 444 697
GPTAQ | 4 | 638 | 800 768 519 783 738 786 440  69.1
LlaMAsgs | KRONQ | 4 | 634 | 804 789 532 784 733 809 458 701
GPTQ 3 | 742 | 779 742 488 612 715 792 416 649
GPTAQ | 3 | 751 | 770 733 464 720 720 768 420 656
KRONQ | 3 | 696 | 787 742 491 749 717 817 424 675
GPTQ 4 | 495 | 802 764 482 785 721 794 450 685
GPTAQ | 4 | 494 | 797 765 480 787 727 790 440 684
LlaMA2135 | KRONQ | 4 | 493 | 803 757 486 790 721 808 450 688
GPTQ 3 | 522 | 792 742 466 760 709 782 434 669
GPTAQ | 3 | 516 | 791 753 464 761 711 777 444 672
KRONQ | 3 | 513 | 792 763 487 775 721 8L6 446 686
GPTQ 4 | 339 | 828 809 572 835 781 827 480 733
GPTAQ | 4 | 339 | 827 806 575 834 779 836 486 735
KRONQ | 4 | 338 | 827 792 562 841 798 850 484  73.6
GPTQ 3 | 364 | 823 800 556 825 755 791 446 714
LLaMA-2-70B || GpTAQ | 3 | 364 | 824 808 555 822 769 832 476 727
KRONQ | 3 | 360 | 822 807 571 830 790 838 478 734
GPTQ 2 | 522 | 777 733 471 684 710 760 390 646
GPTAQ | 2 | 528 | 784 753 463 691 730 755 416 656
KRONQ | 2 | 485 | 792 758 498 745 766 781 442 683
GPTQ 4 | 323 | 835 847 625 843 796 858 476 754
GPTAQ | 4 | 317 | 82 89 613 843 807 854 484 752
KRONQ | 4 | 315 | 837 807 607 850 807 870 476 751
GPTQ 3 | 449 | 821 800 584 826 788 851 446 731
LLaMA-3-70B || GpraQ | 3 | 656 | 8.7 788 546 775 744 770 434 696
KRONO | 3 | 420 | 822 795 590 831 789 849 476  73.6
GPTQ 2 | 1660 | 742 683 426 402 693 747 384 582
GPTAQ | 2 | 2062 | 564 379 247 373 507 536 282 413
KRONQ | 2 | 765 | 790 764 497 722 738 807 434  67.9
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C.6 Comparison with Previous Works on Weight-and-activation Quantization
Table 16 reports WikiText-2 perplexity for weight-and-activation quantization. All methods

apply the QuaRot (Ashkboos et al., 2024) rotation framework for activation quantization.
QuaRot and SpinQuant (Liu et al., 2024) results are taken from their respective papers.

Table 16: Weight-and-activation quantization (WxA4) WikiText-2 perplexity.

Bits Method LLaMA-2-7B LLaMA-2-13B LLaMA-3-8B

QuaRot 6.10 5.40 8.16
SpinQuant 5.96 5.24 7.39
W4A4  GPTQ 6.04 5.29 7.78
GPTAQ 5.87 5.17 7.39
KRONQ 5.83 5.15 7.34
QuaRot 326 155 NaN
GPTQ 36.74 12.55 32.79
W2A4 " cpTAQ 1091 8.41 19.14
KRONQ 9.38 7.7 16.47

C.7 3 and 4-bit Results on Weight-and-activation Quantization

Table 17 extends the weight-and-activation evaluation to W3A4/W4A4. KRONQ achieves
the lowest perplexity across all settings, with gains increasing at lower bit-widths.

Table 17: Weight-and-activation quantization (WxA4), W3A4/W4A4 results.

Model Method Bits | Wiki2| | PIQA ArcE ArcC HS WG BoolQ OBQA Avg

LLaMA-2-7B GPTQ W4A4 6.04 77.3 71.0 422 729 66.1 73.5 39.2 63.2
GPTAQ | W4A4 5.87 77.2 71.6 432 736 672 74.5 41.6 64.1
KRONQ | W4A4 5.83 77.6 711 427 73.6 672 75.8 424 64.3

GPTQ W3A4 6.79 75.0 678 402 684 63.1 71.7 36.6 60.4
GPTAQ | W3A4 6.25 75.3 683 404 705 658 71.9 40.2 61.8
KRONQ | W3A4 6.19 75.6 679 41.0 705 655 72.5 40.4 61.9

LLaMA-2-13B || GPTQ W4A4 5.29 789 747 472 765 69.6 790 44.4 67.2
GPTAQ | W4A4 517 793 752 486 770 688 787 43.4 67.3
KRONQ | W4A4 5.15 792 75,6 484 77.7 705 803 44.2 68.0

GPTQ W3A4 5.77 77.4 725 448 733 69.1 71.4 42.0 64.4
GPTAQ | W3A4 5.48 777 731 446 740 699 74.7 42.8 65.3
KRONQ | W3A4 5.40 79.1 75.0 458 750 70.2 77.2 43.8 66.6

LLaMA-3-8B GPTQ W4A4 7.78 77.0 721 457 742 679 76.4 42.6 65.1
GPTAQ | W4A4 7.39 774 720 475 756 69.0 77.5 42.0 65.9
KRONQ | W4A4 7.34 77.4 753 487 751 70.1 75.8 424 66.4

GPTQ W3A4 9.22 73.3 642 393 688 643 72.8 39.2 60.3
GPTAQ | W3A4 8.31 747 686 421 703 65.9 73.4 40.8 62.3
KRONQ | W3A4 8.25 74.6 69.5 42.7 70.0 67.6 76.0 38.8 62.7

C.8 Harder Benchmark Evaluation Details

We evaluate DeepSeek-R1-Distill-Llama-8B (Guo et al., 2025) and Gemma-3-12B-IT (Gemma
Team, 2025), each quantized to W4 (per-channel, asymmetric, weight-only) with KronQ and,
as baselines, with GPTQ and GPTAQ under identical settings. All models are calibrated on
128 WikiText-2 sequences with no fine-tuning. MMLU, GPQA-Diamond, and AIME-2024
are evaluated through the Im-evaluation-harness (Gao et al., 2024) in the zero-shot setting,
while LiveCodeBench uses its official runner with vLLM. We report log-likelihood accuracy
on MMLU (57 subjects) and GPQA-Diamond (198 questions), exact-match accuracy on
AIME-2024 (30 problems), and pass@1 on LiveCodeBench (release_v5, code-generation
scenario, 32,768 maximum new tokens). For the reasoning model DeepSeek-R1-Distill-
Llama-8B, we follow the decoding protocol of Liu et al. (2025), using temperature 0.6, top-p
0.95, and 32,768 maximum new tokens with stochastic sampling. We report its AIME-2024
score averaged over 8 samples (avg@8). The instruction-tuned Gemma-3-12B-IT is decoded
greedily with a 2,048-token budget, and we report its AIME-2024 as pass@1.
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C.9 Mixed Precision Quantization on LLaMA

Table 18 and right figures extend the mixed-precision analysis of Section 5.3 to LLaMA-
3-8B and LLaMA-2-13B. The KronQ joint score yields strictly better PPL-bits tradeoffs
than the activation-only score on both architectures. We also compare KRONQ with SliM-
LLM (Huang et al., 2024) and CMPQ (Chen et al., 2024), consistent with the LLaMA-2-7B
results in the main paper.

Table 18: Sublayer sensitivity rankings and

WikiText-2 perplexity on LLaMA-3-8B and 2 100} .. WS LLaMA3-8B
LLaMA-2-13B. Each row cumulatively up- & i @ KkonQ 80 ]‘
it 2 I N 7.8 A
grades one additional sublayer to W3 across £ ol o N
all layers. e M. ;73
N . i72
% 20t ~ P70
Score Ranking Avg bits  Wiki2| I 3.0
LLaMA-3-8B é 1; '11.92 :
baseline W2 - 2.00 11.92 gL ‘«8 57 - .
0
Lidownproj 217 988 1° P05 >
tr(Hg)-tr(Hyx) 2: gate_proj 2.29 8.67 Average Bit-width
3: up_proj 2.43 7.85
1: gate,proj 217 10.24 > 10} O SliM-LLM LLaMA2-13B
tr(Hy) 2: up_proj 2.29 9.16 § @ SIM-LLM+
3: down_proj 2.43 7.85 K] N A CMPQ
o N
LLaMA-2-13B o 8f By, @ KronQ
a | O
baseline W2 - 2.00 6.99 N7
1: down_proj 217 6.29 b} 6.99
tr(Hg)-tr(Hyx) 2: gate_proj 2.29 5.86 £ 6
3: up_proj 243 5.56 =
PP - = 51 556 5.43
1: gate_proj 2.17 6.39 L ,\ L '0
tr(Hy) 2: up_proj 2.29 6.00 1° q,«,q/q, ’Lb‘ qf’J %
3: down_proj 2.43 5.56

Average Bit-width

C.10 Comparison with Inter-Layer Mixed-Precision Quantization

Since KronQ allocates bit-widths across sublayers, we further compare against the inter-layer
methods AMQ (Lee et al., 2025), Q-Palette (Lee & Song, 2026), and HIGGS (Malinovskii et al.,
2025). All comparisons are conducted under a matched data-aware setting: every method
uses the same real-text calibration set (128 WikiText-2 sequences of length 2048) that KronQ
uses for Hg, so the comparison isolates the allocation methodology from calibration-data
access.

For the allocation comparisons, we hold the base quantizer fixed and vary only the allocation.
Table 19 holds GPTQ fixed (LLaMA-2-7B, context 2048), where KronQ's allocation beats
AMQ’s data-aware NSGA-II search at a matched 3.1-bit budget. Table 20 holds Q-Palette’s
quantizer fixed (LLaMA-3.1-8B, context 8192) and compares against Q-Palette’s data-aware
actual-loss allocation. KronQ)’s allocation achieves lower perplexity at every budget. Table 21
instead isolates the quantizer: against the data-aware GPTQ+HIGGS configuration (LLaMA-
2-7B, context 4096), KronQ's scalar grid leads at every bit-width despite HIGGS using a
vector quantizer.

Crucially, KronQ'’s allocation is a closed-form analytic score that needs only the single Hg
backward pass already computed for BilP, with no dedicated search or per-bit precompute.
It is therefore free within the KronQ pipeline, versus roughly 5 GPU-hours for AMQ’s
NSGA-II search and 79 GPU-hours for Q-Palette’s data-aware actual-loss term. KronQ thus
matches the data-aware allocation quality at roughly one twentieth of the cost.

21



Published as a conference paper at COLM 2026

Table 19: KronQ vs. AMQ Table 20: KronQ vs. Q-Palette Table 21: KronQ scalar
allocation, GPTQ fixed (L2- allocation, Q-Palette quantizer vs. HIGGS vector quantizer

7B, ctx 2048). fixed (L3.1-8B, ctx 8192). (L2-7B, ctx 4096).
Alloc. Bits PPL Bits Q-Palette KronQ Bits HIGGS KronQ
AMQ 31 6.68 3.19 5.925 5.896 W4 5.213 5.199
KronQ 3.1 6.52 3.07 5.980 5.948 W3 5.559 5.444
2.99 6.027 5.989 W2 8.637 7.636
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Figure 6: Weight magnitude distribution of the Q projection in the first layer under three
configurations: original weights, after column-side incoherence (Hx only), and after bidirec-
tional incoherence (Hx + Hg). Top histograms show column norms; right histograms show
row norms. CV;, and CVy,; denote the coefficient of variation of column and row norms,
respectively.

Figure 6 compares the weight magnitude distributions of LLaMA-3-70B and LLaMA-2-70B.
In LLaMA-3-70B, the original weights exhibit extreme column-wise outliers (CV;j, = 9.21)
concentrated on specific input dimensions, a phenomenon previously identified by Qin
(2024) as unique to the LLaMA-3/3.1-70B family. These outliers expand the quantization
range by orders of magnitude, causing the column-wise OBS updates in GPTQ and GPTAQ
to produce degenerate solutions. In contrast, LLaMA-2-70B shows a substantially milder
distribution (CVj, = 0.37), consistent with its robustness to per-channel quantization.
Applying Hx-only incoherence suppresses the input-side outliers in LLaMA-3-70B (CVjp, :
9.21 — 0.39) but leaves the output-side heterogeneity largely unaddressed (CVqyt : 0.93 —
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0.54). BiIP further resolves the output-side structure via Hg, achieving CVj, = 0.29 and
CVout = 0.24, comparable to the post-BilP values of LLaMA-2-70B (0.27 and 0.25).

E Per-Sublayer Calibration Memory

Table 22 details the memory required to perform calibration per sublayer for LLaMA-2-7B,
LLaMA-3-8B, and LLaMA-2-13B, following the same convention as Li et al. (2025) (Table 9),
with block slices of size B = 128 included in all reported values. The Cholesky factor L
is stored as a lower-triangular matrix and the correction matrix P as an upper-triangular
matrix. KRONQ additionally stores Hg as a full doyt X doyt matrix during BilP; once released,
the remaining memory footprint is identical to GPTAQ. The peak memory overhead is
therefore transient and confined to the BilP preprocessing step.

Table 22: Memory needed to perform calibration (GiB) per sublayer. "H released after BilP,
remaining memory matches GPTAQ.

Model Method q-proj k_proj V_proj 0_proj up_proj gate_proj down_proj
GPTQ 0.13 0.13 0.13 0.13 0.29 0.29 0.48
LLaMA-2-7B GPTAQ 0.16 0.16 0.16 0.16 0.32 0.32 0.70
KrONQ' 0.22—0.16 022—0.16 0.22—0.16 022—0.16 0.77—0.32 0.77—032 0.77—0.70
GPTQ 0.13 0.13 0.13 0.13 0.37 0.37 0.71
LLaMA-3-8B  GPTAQ 0.16 0.16 0.16 0.16 0.40 0.40 1.10
KrONQ' 0.22—0.16 022—0.16 0.22—0.16 022—0.16 117040 1.17—040 1.16—1.10
GPTQ 0.20 0.20 0.20 0.20 0.45 0.45 0.76
LLaMA-2-13B  GPTAQ 0.25 0.25 0.25 0.25 0.50 0.50 1.11

KrRONQ' 035025 035025 0.35-0.25 035025 122050 1.22—050 1.21—1.11

F Limitations

KRONQ requires a backward pass over the calibration set to estimate the gradient covariance
H prior to quantization, introducing additional offline computation relative to activation-
only methods such as GPTQ and GPTAQ. Furthermore, Hg is a full doyt X dout matrix,
incurring additional peak memory during BilP preprocessing. Nevertheless, once H is
precomputed and stored, it incurs no additional computation during quantization itself, as
H cancels algebraically in the column-wise updates (Proposition 1) and is released upon
completion of BilP. During inference, KRONQ requires online reversion of the orthogonal
transforms U and V, introducing © (di, log din + dout log dout) overhead per layer. This is
identical to QulP# (Tseng et al., 2024) and our fused CUDA kernel keeps the per-layer cost
close to that of the O (dindout) weight matrix-vector multiply alone.
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