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Abstract

Low-bit activation-weight quantization is cru-
cial for efficient large language model inference
but remains fragile because activation quanti-
zation errors propagate across Transformer lay-
ers. We propose Activation Residual Hessian
Quantization (ARHQ), a post-training residual-
aware low-rank correction framework that di-
rectly targets this propagation. ARHQ mea-
sures the residuals produced by the deployed
activation quantizer, builds an input-side resid-
ual Hessian, and identifies the weight directions
that most amplify these residuals. This yields a
closed-form truncated-SVD solution: residual-
sensitive components are placed in a high-
precision low-rank branch, while the remain-
ing weights stay in the low-bit path. ARHQ
requires no backpropagation, supports LoRA-
style deployment, and complements activation
smoothing. Across LLaMA-family models and
Qwen3-4B-Thinking, ARHQ improves W4A4
reconstruction, reduces WikiText2 perplexity
over matched-rank SVDQuant, preserves down-
stream reasoning and coding accuracy, and
achieves up to 3.21× prefill speedup over BF16
(3.11× over AWQ W4A16) with over 60%
memory saving.

1 Introduction

Large language model (LLM) inference is increas-
ingly limited by memory capacity, memory band-
width, and serving latency (Sheng et al., 2023;
Kwon et al., 2023; Lin et al., 2024). Low-bit post-
training quantization is therefore central to efficient
deployment (Dettmers et al., 2022; Frantar et al.,
2022; Xiao et al., 2023). While weight-only Post-
training quantization (PTQ) has achieved strong
results at 3–4 bits (Frantar et al., 2022; Lin et al.,
2024; Dettmers et al., 2023b), aggressive activation-
weight quantization remains substantially more
fragile (Xiao et al., 2023; Shao et al., 2024; Zhao
et al., 2024; Gai and Li, 2024).

Beyond activation outliers, a central challenge

in activation-weight quantization is that activations
are quantized online at every layer. The deployed
quantizer therefore introduces input-dependent
residual errors into the hidden states. These residu-
als are then propagated through subsequent linear
transformations, where some directions can be am-
plified much more strongly than others. As a result,
downstream degradation is not determined only by
the size of the activation error itself, but also by
how strongly the layer weights amplify the residual
directions left by the quantizer. We refer to this
failure mode as activation residual amplification.
Such residual errors can propagate and accumu-
late across Transformer blocks (Dettmers et al.,
2022; Xiao et al., 2023; Arai and Ichikawa, 2025),
especially under aggressive activation-weight quan-
tization, where prior studies report substantial ac-
curacy risks on language modeling and reasoning
evaluations (Li et al., 2024b; Zhao et al., 2024;
Liu et al., 2025a). Existing PTQ methods address
this issue only indirectly: weight-sensitive meth-
ods estimate weight error, activation-aware meth-
ods protect salient channels, and smoothing or ro-
tation methods reduce activation outliers (Frantar
et al., 2022; Lin et al., 2024; Xiao et al., 2023;
Ashkboos et al., 2024; Yuan et al., 2023; Li et al.,
2024a). Low-rank compensation methods such as
SVDQuant (Li et al., 2024a) and ResQ (Saxena
et al., 2025) share a similar deployment structure,
a low-bit dense branch plus a high-precision low-
rank branch, but select the high-precision subspace
from weight energy, activation energy, or magni-
tude outliers. In contrast, ARHQ targets the resid-
ual geometry induced by the deployed quantizer:
the error structure that remains after the chosen
quantizer, scaling rule, and calibration distribution
have already been applied.

We propose Activation Residual Hessian Quanti-
zation (ARHQ), a post-training residual-aware low-
rank correction method. ARHQ measures the acti-
vation quantization residuals produced by the de-
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ployed quantizer on calibration data and constructs
a layer-local residual Hessian that captures how
strongly different weight directions propagate these
residuals. The resulting objective admits a closed-
form truncated-SVD solution in a residual-scaled
weight space. ARHQ assigns the most residual-
sensitive directions to a high-precision low-rank
branch while keeping the remaining weights in the
low-bit path. This design requires no backpropaga-
tion, supports LoRA-style (Hu et al., 2022) deploy-
ment, and adapts to the actual quantizer, scaling
rule, and calibration distribution used in the de-
ployed low-bit pipeline.

Across LLaMA-family models and Qwen3-4B-
Thinking, ARHQ improves W4A4 layer reconstruc-
tion over matched-rank SVDQuant, reduces per-
plexity, and better preserves zero-shot, reasoning,
and coding performance, while remaining substan-
tially faster than BF16 and W4A16 inference in
compute-bound prefill. Our contributions are as
follows:

• We identify activation residual amplification as a
distinct failure mode of low-bit activation-weight
quantization, separating it from weight error, ac-
tivation magnitude, and outlier preservation.

• We propose ARHQ, a residual-aware low-rank
weight-splitting method that uses the measured
activation quantization residual Hessian to select
high-precision correction directions.

• We show that ARHQ is complementary to acti-
vation smoothing, improves reconstruction qual-
ity and downstream accuracy over matched-rank
SVDQuant, and offers practical W4A4 serving
trade-offs.

2 Related Work

Post-training quantization for LLMs Weight-
only PTQ methods have made substantial progress
by identifying sensitive weights or directions that
should be protected under low-bit compression.
GPTQ uses approximate second-order information
to quantize Transformer layers without full retrain-
ing (Frantar et al., 2022), while AWQ protects
salient weights identified through activation statis-
tics (Lin et al., 2024). GPTAQ further accounts for
inputs perturbed by preceding quantized layers (Li
et al., 2025). Sparse and outlier-aware variants fur-
ther show that a small subset of weight components
can dominate quantization quality: SpQR stores
outlier weights in sparse high precision (Dettmers

et al., 2023b), and SqueezeLLM combines dense
low-bit quantization with sparse outlier representa-
tions (Kim et al., 2023). These methods motivate
the view that low-bit LLM quantization is often
governed by a small set of sensitive components.

Activation difficulty, smoothing, and rotations
Activation quantization is more challenging be-
cause activations are input-dependent, quantized
online, and often contain large outlier channels.
LLM.int8() identifies emergent activation outliers
and preserves them through mixed-precision matrix
multiplication (Dettmers et al., 2022). Outlier Sup-
pression mitigates activation outliers with asymmet-
ric quantization and range control (Wei et al., 2022),
while SmoothQuant applies an equivalent scaling
transformation that migrates quantization difficulty
from activations to weights (Xiao et al., 2023). An-
other line of work changes the quantization ba-
sis: QuIP uses incoherence processing (Chee et al.,
2023), QuaRot applies fixed orthogonal rotations
such as Hadamard transforms (Ashkboos et al.,
2024), and SpinQuant learns rotation matrices for
improved quantization quality (Liu et al., 2025b).
OSTQuant learns orthogonal and scaling transfor-
mations (Hu et al., 2025), and TurboQuant pairs
random rotations with near-optimal scalar quantiz-
ers (Zandieh et al., 2026). These methods reduce or
redistribute activation-side difficulty before quanti-
zation.

Low-rank compression and compensation
Low-rank structure has been widely used for
model compression and quantization compensa-
tion. ASVD incorporates activation information
into SVD-based compression (Yuan et al., 2023),
and SVD-LLM studies truncation-aware SVD and
whitening strategies for compressing LLMs (Wang
et al., 2025). QLoRA shows that low-rank adapters
can be combined with quantized backbones for ef-
ficient finetuning (Dettmers et al., 2023a). More
closely related to our deployment form, SVDQuant
uses low-rank components to absorb outliers for 4-
bit diffusion model quantization (Li et al., 2024a),
and ResQ keeps the highest-variance activation
subspace in higher precision (Saxena et al., 2025).
ARHQ differs from both in how the high-precision
subspace is selected (Section 3.3).

3 Method

ARHQ is a post-training method for constructing
a mixed-precision linear layer under aggressive
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Figure 1: ARHQ decomposes each linear weight into a low-bit residual branch and a small BF16 low-rank branch.
The low-rank branch is selected by measuring the activation quantization residuals produced by the deployed
quantizer and performing a truncated SVD in the residual-Hessian metric. At inference time, the dense path remains
quantized (i.e., W4A4), while the BF16 low-rank branch corrects residual-sensitive directions.

activation-weight quantization (e.g., W4A4 with
4-bit weights and 4-bit activations). For each Trans-
former linear layer, the method takes as input the
full-precision weight matrix, a set of calibration
activations, the deployed activation quantizer, and
a target low-rank budget. It outputs a dense low-bit
residual branch and a small high-precision low-
rank branch.

The method consists of four steps as shown in
Figure 1. First, we run the deployed activation
quantizer on calibration activations and measure
the residuals it actually produces. Second, we use
these residuals to define a layer-local residual Hes-
sian, which identifies the input directions where
activation quantization errors have energy. Third,
we solve a residual-weighted low-rank approxima-
tion problem to select the weight directions that
most strongly amplify these residuals. Finally, we
deploy the result as a quantized dense branch plus
a BF16 LoRA-style correction branch.

3.1 From Residual Amplification to the
ARHQ Objective

This subsection defines the optimization problem
solved by ARHQ. The goal is to decide which part
of the weight matrix should be moved out of the
dense low-bit branch and represented by a high-
precision low-rank branch. Intuitively, ARHQ se-
lects the directions that most strongly amplify the
activation residuals left by the deployed activation
quantizer instead of the highest-energy activation
directions. Mathematically, consider a linear layer

with full-precision output:

Y = XW⊤, (1)

where X ∈ RN×Din and W ∈ RDout×Din . Let
Qx(·) and Qw(·) denote the activation and weight
quantizers used by the deployed low-bit pipeline.
On calibration activations, we measure the activa-
tion quantization residual as:

Ex = Qx(X)−X. (2)

The weight quantization residual is similarly de-
fined as:

Ew = Qw(W )−W. (3)

These residuals determine the error of a quan-
tized linear layer:

Ŷ − Y = Qx(X)Qw(W )⊤ −XW⊤

= ExW
⊤ +XE⊤

w + ExE
⊤
w . (4)

The first term, ExW
⊤, is the activation-residual

propagation term. It captures how the activation
errors introduced online by Qx(·) are propagated
through the full layer weight. ARHQ focuses on
this term because it is directly induced by activation
quantization, and because it reveals which weight
directions are most exposed to the measured activa-
tion residuals. To reduce this amplification, ARHQ
splits the weight matrix into two branches:

W = Wres + L, rank(L) ≤ r. (5)

The dense residual branch Wres remains in the low-
bit path, while the low-rank branch L is kept in
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Algorithm 1 Activation Residual Hessian Quantization in the Smoothed Space

Require: Original weight matrix W ∈ RDout×Din , Calibration activations Xcalib ∈ RNcalib×Din , Positive
diagonal smoothing matrix S = diag(s), Activation quantizer Qx(·), Target rank r, Regularization
floor ϵ

Ensure: Main branch residual weight Wres,s, Down-projection matrix As, Up-projection matrix B
Stage 1: (Optional) Smoothing Preprocessing

1: Xs ← XcalibS
−1 ▷ Smooth calibration activations

2: Ws ←WS ▷ Smooth weight matrix
Stage 2: Residual Covariance Computation

3: Xq ← Qx(Xs) ▷ Fake-quantize in the smoothed space
4: Es ← Xq −Xs ▷ Compute smoothed activation residuals
5: Gs ← 1

Ncalib
E⊤

s Es ▷ Construct residual covariance (Hessian)
Stage 3: Numerical Regularization

6: Compute eigendecomposition Gs = Udiag(λ)U⊤

7: Gs,ϵ ← Udiag(max(λi, ϵ))U
⊤ ▷ Apply eigenvalue floor

8: Construct G1/2
s,ϵ and G

−1/2
s,ϵ

Stage 4: Scaled Truncated SVD
9: Ms ←WsG

1/2
s,ϵ ▷ Scale weights by residual metric

10: Ur,Σr, Vr ← TruncatedSVD(Ms, r) ▷ Extract top-r components
Stage 5: Factorization for Deployment

11: B ← UrΣr ▷ Construct up-projection factor
12: As ← G

−1/2
s,ϵ Vr ▷ Construct down-projection factor

13: Ls ← BA⊤
s ▷ Form high-precision low-rank branch

14: Wres,s ←Ws − Ls ▷ Compute residual weight for main branch
15: return Wres,s, As, B

high precision. At inference time, the layer is im-
plemented as:

Ŷ = Qx(X)Qw(Wres)
⊤ +XL⊤. (6)

The role of L is therefore to remove from the low-
bit branch those weight directions that would other-
wise amplify the activation quantization residuals.
Since Wres = W − L, the residual amplification
left in the dense low-bit branch is:

∥Ex(W − L)⊤∥2F . (7)

ARHQ selects the rank-r branch by minimizing
this quantity:

min
rank(L)≤r

∥Ex(W − L)⊤∥2F . (8)

This objective formalizes the central principle of
ARHQ: the high-precision branch should capture
the weight directions that are most sensitive to
the activation residuals produced by the actual de-
ployed quantizer.

We now rewrite the objective in a residual-
induced metric. Define the activation residual Hes-
sian as Gx = 1

NE⊤
x Ex. For a residual weight

matrix R, the residual-amplification energy is

A(R;Ex) =
1

2N
∥ExR

⊤∥2F

=
1

2
Tr(RGxR

⊤). (9)

Since ∇RA(R;Ex) = RGx, the matrix Gx is
the input-side Hessian of this layer-local quadratic
objective. It is not a Hessian of the language-
modeling loss. Instead, it measures where the ac-
tivation quantizer leaves residual energy and how
this energy can be amplified by the remaining low-
bit weights. Using Gx, the objective in Equation (8)
becomes

∥Ex(W − L)⊤∥2F = N∥(W − L)G1/2
x ∥2F . (10)

Thus, selecting the low-rank correction becomes a
weighted low-rank approximation problem, where
the weighting is determined by the measured acti-
vation quantization residuals.

ARHQ does not optimize the full quantiza-
tion reconstruction loss. After the split, the term
Qw(W − L) makes the exact objective quantizer-
dependent, non-smooth, and coupled to L. Instead,
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ARHQ isolates the activation-residual amplifica-
tion term, which is induced by online activation
quantization and admits a closed-form post-training
solution. The remaining weight error is handled by
quantizing Wres = W − L.

We now solve the residual-weighted objective in
Equation (10) and convert the solution into a de-
ployable low-rank form. The residual Hessian de-
fines the metric in which the weight matrix should
be approximated. Therefore, instead of applying
SVD directly to W , ARHQ first forms

M = WG1/2
x . (11)

Let Mr = UrΣrV
⊤
r be the rank-r truncated SVD

of M . The corresponding low-rank branch in the
original weight space is

L⋆ = MrG
−1/2
x , (12)

which follows from the change of variables L̃ =

LG
1/2
x . We provide a more formal proposition in

Appendix A.
For deployment, we store L⋆ in a LoRA-style

factorized form:

L⋆ = BA⊤, B = UrΣr, A = G−1/2
x Vr. (13)

The dense low-bit branch is then

Wres = W − L⋆, (14)

and the high-precision side branch computes
(XA)B⊤.

3.2 ARHQ in the Smoothed Space
ARHQ is naturally compatible with activation
smoothing. Smoothing first changes the coordi-
nate system in which activation quantization is per-
formed, and ARHQ then measures the residuals
that remain in that system.

Let S = diag(s) be a positive diagonal smooth-
ing matrix. We use the standard equivalent trans-
formation

Xs = XS−1, Ws = WS, (15)

which preserves the full-precision output:

XsW
⊤
s = XW⊤. (16)

ARHQ is then applied in the smoothed space.
Given calibration activations, we compute

Es = Qx(XcalibS
−1)−XcalibS

−1, (17)

Gs =
1

Ncalib
E⊤

s Es. (18)

After applying an eigenvalue floor to obtain Gs,ϵ,
we form

Ms = WsG
1/2
s,ϵ . (19)

Let Ms,r = UrΣrV
⊤
r be its rank-r truncated SVD.

The deployed factors and residual branch are

B = UrΣr, As = G−1/2
s,ϵ Vr, (20)

Wres,s = Ws −BA⊤
s . (21)

Smoothing and ARHQ play different roles:
smoothing reduces or redistributes activation quan-
tization difficulty, while ARHQ corrects the
residual-sensitive directions that remain after
smoothing.

3.3 Relation to SVDQuant
ARHQ shares the dense-plus-low-rank structure
of SVDQuant (Li et al., 2024a); the two differ
only in how the rank-r branch is selected. Both
solve minrank(L)≤r∥(W − L)C1/2∥2F : SVDQuant
uses C = I (the weight spectrum), an activation-
Hessian variant (AHQ) uses C = X⊤X/N , and
ARHQ uses C = Gx, which, unlike weight or ac-
tivation energy, reflects the residual actually left
by the deployed quantizer. At a matched rank, the
three have the same inference cost, so SVDQuant
is our most direct controlled baseline.

3.4 Inference Path and Computational Cost
The previous subsections describe how ARHQ con-
structs the two branches. This subsection explains
how they are used during inference and what over-
head they introduce.

At inference time, the smoothed activation
XS−1 is available at the linear-layer boundary be-
fore online activation quantization. The deployed
ARHQ layer evaluates two parallel branches:

Ŷ = Qx(XS−1)Qw(Wres,s)
⊤

+ (XS−1As)B
⊤. (22)

The first term is the dense low-bit branch. Both
the smoothed activation and the residual weight are
quantized, so this branch preserves the standard
W4A4 matrix multiplication path. The second term
is the high-precision low-rank branch. It uses the
BF16 activation tensor available before online acti-
vation quantization and applies a rank-r correction
selected by the residual Hessian.

Therefore, ARHQ should be interpreted as a
W4A4 dense path augmented with a small BF16
low-rank correction branch, rather than as a purely
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Method
Attention FFN Overall

Averageqproj kproj vproj oproj Avg. gate up down Avg.

SVDQuant 24.97 24.51 18.98 18.76 21.80 25.58 19.09 19.86 21.51 21.68
AHQ 25.34 25.25 19.20 18.51 22.08 25.51 19.06 20.06 21.54 21.85
ARHQ 26.80 26.92 20.09 19.00 23.20 26.95 20.16 20.29 22.47 22.89

SVDQuant + Smooth 26.07 25.92 19.92 19.08 22.75 26.78 20.25 20.14 22.39 22.60
AHQ + Smooth 26.00 25.98 19.88 18.76 22.66 26.35 19.99 20.11 22.15 22.44
ARHQ + Smooth 27.06 27.24 20.41 19.28 23.50 27.28 20.49 20.43 22.73 23.17

Table 1: Layer-wise reconstruction SQNR (dB) on Qwen3-4B-Thinking under W4A4 quantization with rank r = 64.
Results are averaged over 252 linear layers (36 blocks × 7 projections) and reported separately for attention and
FFN projections. SVDQuant, AHQ, and ARHQ differ in the metric used to select the high-precision low-rank
branch: weight geometry, activation Hessian, and activation residual Hessian, respectively. “+ Smooth” applies
activation smoothing before decomposition.

integer-only W4A4 operator. The deployment role
of each component is explicit:

low-bit branch: Qx(XS−1)Qw(Wres,s)
⊤,
(23)

correction branch: (XS−1As)B
⊤. (24)

For sequence length N , input dimension Din,
output dimension Dout, and rank r, the correction
branch introduces an additional arithmetic cost of

O(Nr(Din +Dout)) . (25)

The additional parameter count is

r(Din +Dout). (26)

For square layers with Din = Dout = D, the rela-
tive parameter overhead is approximately

2r

D
. (27)

Thus, the rank r directly controls the quality–
efficiency trade-off. Larger ranks provide stronger
residual correction, while smaller ranks preserve
more of the throughput and memory benefits of the
low-bit dense branch. Algorithm 1 summarizes the
full ARHQ procedure in the smoothed space.

4 Experiments

4.1 Setup summary
We evaluate ARHQ in a bottom-up order: layer-
wise reconstruction, perplexity and zero-shot ac-
curacy on LLaMA-family models, reasoning and
coding benchmarks on instruction/reasoning mod-
els, and finally inference efficiency.

For calibration, we sample 100K tokens
from NVIDIA’s Nemotron post-training

dataset (Bercovich et al., 2025)1. The cali-
bration tokens are used only to estimate smoothing
scales, activation quantization residuals, and the
residual Hessian Gx. All perplexity, zero-shot,
reasoning, coding, and layer-wise SQNR evalua-
tions are performed on held-out data. SVDQuant
(our reproduction), AHQ, and ARHQ use the same
calibration activations and smoothing configuration
whenever applicable. The high-precision LoRA
branch is evaluated at ranks r ∈ {32, 64, 128} for
the main model-level studies.

Unless otherwise specified, we use W4A4KV16
quantization: the residual-weight branch Wres and
online activations are quantized to NVFP4, while
the low-rank branch and the KV cache are kept
in BF16. The same quantizer, scaling rule, and
calibration activations are used to compute Ex =
Qx(X) − X . Since ARHQ only depends on the
measured activation quantization residual, it is not
tied to NVFP4; we also include a smaller set of
INT4 experiments to verify portability (symmet-
ric, group size 64 for weights and activations, no
clipping). For reproducibility, accuracy is evalu-
ated with simulated quantization in HuggingFace
Transformers, and efficiency experiments are im-
plemented with vllm==0.20.1, torch==2.11.0,
and CUDA 12.9.

The evaluated models include LLaMA-family
base and instruction models, including LLaMA-2-
7B (Touvron et al., 2023), LLaMA-3-8B, LLaMA-
3-70B, and LLaMA-3.1-8B-Instruct (Grattafiori
et al., 2024), as well as Qwen3-4B-Thinking (Yang
et al., 2025). For language-model quality, we report
perplexity on WikiText2 (Merity et al., 2016) and a

1https://huggingface.co/datasets/nvidia/
Llama-Nemotron-Post-Training-Dataset

2618

https://huggingface.co/datasets/nvidia/Llama-Nemotron-Post-Training-Dataset
https://huggingface.co/datasets/nvidia/Llama-Nemotron-Post-Training-Dataset


Method ARC-c ARC-e BoolQ HellaS. Lam. OBQA PIQA SIQA WinoG. Avg. Wiki2 (↓)

Baseline model with 16bit-weights and 16bit-activations
BF16 53.50 77.74 81.10 79.18 75.74 44.80 80.63 47.08 73.01 68.09 6.14
Reference models with 4bit-weights and 16bit-activations
RTN-W4A16 48.98 73.23 72.75 75.90 63.85 43.20 78.40 43.81 73.16 63.70 8.13
SmoothQuant-W4A16 47.44 72.35 72.11 74.92 62.41 43.00 77.69 43.91 71.27 62.79 8.12
GPTQ-W4A16 49.74 72.52 71.28 68.34 46.69 43.60 78.78 46.47 71.82 61.03 7.43
OmniQuant-W4A16 50.09 74.54 79.51 76.92 70.31 43.80 79.54 44.52 71.74 65.66 7.19
AWQ-W4A16 52.22 76.68 80.31 77.51 74.81 44.20 79.60 46.26 71.67 67.03 7.36
QuaRot-W4A16 51.88 77.53 79.60 77.87 74.11 44.40 80.14 46.37 73.56 67.27 6.53
SpinQuant-W4A16 52.13 72.28 79.20 78.40 73.76 44.80 79.98 45.50 72.77 66.54 6.49
OSTQuant-W4A16 52.82 79.84 80.31 77.86 76.48 42.80 80.74 45.55 73.80 67.80 6.53
Reference models with 4bit-weights and 4bit-activations
RTN 23.72 30.89 46.30 31.26 3.03 27.60 52.72 35.26 50.04 33.42 inf
SmoothQuant 23.29 28.28 48.93 29.19 1.57 28.60 54.46 33.37 49.64 33.04 inf
GPTQ 23.46 32.07 43.79 30.10 2.41 28.00 53.97 34.14 48.86 32.98 inf
QuaRot∗ 43.34 67.93 74.07 73.05 66.19 41.40 75.57 33.32 65.90 60.09 8.20
SpinQuant∗ 44.71 70.92 69.08 73.85 68.14 41.00 75.14 43.96 68.51 61.70 8.03
OSTQuant 48.81 73.48 79.82 75.97 72.62 42.40 78.18 45.75 69.22 65.14 7.24
Proposed models with 4bit-weights and 4bit-activations
ARHQ rank 32 50.43 74.41 77.40 76.99 73.92 44.20 78.62 45.75 73.09 66.09 7.04
ARHQ rank 64 48.55 75.51 80.18 77.08 75.39 43.60 79.49 45.34 72.30 66.38 6.95
ARHQ rank 128 49.57 73.70 81.41 76.87 75.18 44.00 79.22 46.32 71.43 66.41 6.89

Table 2: Zero-shot accuracy and WikiText2 perplexity on LLaMA-3-8B. Baselines have no high-precision branch,
so the comparison is system-level rather than equal-budget (see Table 4). Best reference results are underlined; best
ARHQ results are in bold. ∗Re-run with corrected configurations under W4A4KV4.

Methods MATH MMLU GSM HEval
Evaluation using LLaMA-3.1-8B-Instruct
BF16 48.00 43.43 80.52 58.54
SVDQuant rank 32 39.80 34.46 74.45 52.44
SVDQuant rank 64 38.80 36.36 76.95 53.05
ARHQ rank 32 36.80 36.22 75.74 51.83
ARHQ rank 64 41.40 39.10 78.39 55.49
Evaluation using Qwen3-4B-Thinking
BF16 93.55 62.69 95.54 95.12
SVDQuant rank 32 91.70 61.09 91.62 92.84
SVDQuant rank 64 92.50 60.96 94.62 94.51
ARHQ rank 32 92.70 62.26 94.28 94.51
ARHQ rank 64 92.65 62.20 94.29 94.62

Table 3: Evaluation results on reasoning and coding
benchmarks. The best performances of rank 32 models
are underlined, while the best performances of rank 64
models are depicted in bold font.

9-task zero-shot average over ARC-Challenge and
ARC-Easy (Clark et al., 2018), BoolQ (Clark et al.,
2019), HellaSwag (Zellers et al., 2019), LAM-
BADA (Paperno et al., 2016), OpenBookQA (Mi-
haylov et al., 2018), PIQA (Bisk et al., 2020), So-
cialIQA (Sap et al., 2019), and WinoGrande (Sak-
aguchi et al., 2021). For reasoning and coding,
we evaluate MATH500 (Hendrycks et al., 2021),
GSM8K (Cobbe et al., 2021), MMLU-Pro (Wang
et al., 2024), and HumanEval (Chen et al., 2021),
averaging four sampled generations for Qwen3-4B-
Thinking. For layer-wise analysis, we report output
SQNR on attention and FFN projections.

Method Rank Avg. Wiki2 (↓)

BF16 – 68.09 6.14

Homogeneous W4A4
GPTAQ – 62.40 7.38

W4A4 + high-precision low-rank branch
ResQ† 1/8 (8-bit) 64.41‡ 7.00
SVDQuant 32 65.53 7.06
SVDQuant 64 65.81 7.01
SVDQuant 128 66.15 6.93
ARHQ 32 66.09 7.04
ARHQ 64 66.38 6.95
ARHQ 128 66.41 6.89
ARHQ-w 32 66.69 6.96
ARHQ-w 64 65.87 6.91
ARHQ-w 128 66.50 6.79

Table 4: Comparison with GPTAQ and mixed-precision
methods on LLaMA-3-8B (W4A4KV16; 9-task zero-
shot average and WikiText2 perplexity). †KV-cache
quantization disabled; 1/8 of the hidden dimension kept
in 8-bit. ‡Eight tasks without LAMBADA; the eight-
task averages of ARHQ are 65.11/65.26/65.31.

We compare with homogeneous base-
lines without a high-precision branch (RTN,
SmoothQuant (Xiao et al., 2023), GPTQ (Frantar
et al., 2022), OmniQuant (Shao et al., 2024),
AWQ (Lin et al., 2024), GPTAQ (Li et al., 2025),
QuaRot (Ashkboos et al., 2024), SpinQuant (Liu
et al., 2025b), and OSTQuant (Hu et al., 2025);
QuaRot and SpinQuant keep their original
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4-bit KV cache), for which the comparison is
system-level rather than equal-budget, and with
mixed-precision baselines: SVDQuant (Li et al.,
2024a), reproduced with our calibration data,
smoothing, quantizer, and rank as the direct
controlled baseline, and ResQ (Saxena et al., 2025)
under W4A4KV16 with its default 1/8 fraction of
8-bit channels (Appendix C).

4.2 Layer-wise reconstruction and ablations

We first isolate the quantized linear layer, which
directly tests the low-rank objective. Given a
floating-point output Y and the output Ŷ produced
by the quantized residual branch plus the high-
precision low-rank branch, we compute the signal-
to-quantization-noise ratio (SQNR) as:

SQNR(Y, Ŷ ) = 10 log10

(
∥Y ∥2F

∥Y − Ŷ ∥2F

)
. (28)

A higher SQNR indicates better preservation of the
floating-point linear output.

The SQNR study evaluates all major Trans-
former linear projections, including attention
projections (q, k, v, o) and FFN projections
(gate, up, down) on Qwen3-4B-Thinking model.
We compare ARHQ against SVDQuant and AHQ,
both with and without smoothing. SVDQuant se-
lects low-rank directions solely from the weight
matrix, whereas AHQ selects it using an activation-
Hessian-weighted objective.

This ablation isolates the effect of the low-rank
selection criterion and its interaction with acti-
vation smoothing. As shown in Table 1, AHQ
gives only marginal and non-uniform gains over
SVDQuant, whereas ARHQ consistently achieves
the highest SQNR across attention, FFN, and the
overall average. In particular, ARHQ improves the
overall SQNR over SVDQuant by 1.21 dB without
smoothing and by 0.57 dB with smoothing. The
best result is obtained by ARHQ+Smooth, sug-
gesting that the measured activation quantization
residual provides a more direct signal for low-rank
correction and remains complementary to activa-
tion smoothing.

4.3 Perplexity and zero-shot evaluation on
LLaMA models

We next evaluate whether the deployed ARHQ
pipeline translates layer-wise reconstruction gains
into standard language-model metrics. On LLaMA-
family base models, we report WikiText2 perplex-

ity and the 9-task zero-shot average, with rank abla-
tions at r = 32, 64, 128 to characterize the quality–
efficiency trade-off. ARHQ is evaluated as a W4A4
dense branch augmented with a BF16 low-rank cor-
rection branch.

As summarized in Table 2, ARHQ achieves
strong end-to-end quality under aggressive W4A4
quantization. Compared with existing W4A4 quan-
tization methods, ARHQ remains competitive or
better across both zero-shot accuracy and perplex-
ity. Notably, ARHQ also shows competitive per-
formance against W4A16 quantization settings, de-
spite using low-bit activations. Larger correction
ranks further improve perplexity in most cases .
Overall, these results demonstrate the effectiveness
of ARHQ as a practical mixed-precision path for
accurate low-bit inference.

Table 4 isolates the selection criterion: at every
matched rank, ARHQ outperforms SVDQuant in
both perplexity and zero-shot accuracy at the same
inference cost, and even at rank 32 it exceeds ResQ
in zero-shot accuracy (65.11 vs. 64.41 on ResQ’s
eight tasks) and GPTAQ in both metrics. Finally,
ARHQ-w adds a calibration-time refinement that
also accounts for the weight quantization error of
Wres (Appendix D), with the same rank and run-
time operations. It lowers perplexity at every rank
(e.g., 7.04→6.96 at rank 32) and improves zero-
shot accuracy at ranks 32 and 128, but not at rank
64.

4.4 Reasoning and coding benchmarks
We further evaluate instruction and reasoning mod-
els, where quantization errors can be amplified dur-
ing long generations and multi-step reasoning. We
compare against a reproduced SVDQuant low-rank
split in the same inference pipeline. The evalu-
ated models include LLaMA-3.1-8B-Instruct and
Qwen3-4B-Thinking. The benchmark suite covers
mathematical reasoning, broad professional knowl-
edge, grade-school arithmetic, and code generation
through MATH500, MMLU-Pro, GSM8K, and Hu-
manEval.

As shown in Table 3, ARHQ is most benefi-
cial when the low-rank branch has sufficient ca-
pacity. At small ranks, the residual Hessian may
identify directions that improve reconstruction but
do not uniformly dominate all downstream tasks.
With a larger rank budget, ARHQ more consis-
tently improves over the matched SVDQuant, espe-
cially on LLaMA-3.1-8B-Instruct. On Qwen3-4B-
Thinking, the results are closer and task-dependent,
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Model Rank SeqLen
Prefill Throughput Prefill

Ratio
Decode Throughput Decode

Ratio
Memory Memory

SavingBF16 ARHQ BF16 ARHQ BF16 ARHQ

LLaMA3.1-8B

32
512 6041.5 19376.4 3.21× 195.9 336.0 1.72× 15.21 6.02 60.42%
2048 6118.2 16912.3 2.76× 190.3 356.8 1.88× 15.96 6.77 57.57%
8192 5419.3 12625.3 2.33× 173.6 305.8 1.76× 18.96 9.77 48.47%

128
512 6041.5 15575.9 2.58× 195.9 332.1 1.69× 15.21 6.49 57.33%
2048 6118.2 13813.7 2.26× 190.3 318.5 1.67× 15.96 7.24 54.64%
8192 5419.3 11256.2 2.08× 173.6 272.7 1.57× 18.96 10.24 45.99%

Qwen3-4B

32
512 10972.3 21866.2 1.99× 316.5 470.0 1.49× 7.77 3.03 61.02%
2048 10611.5 22062.4 2.08× 310.5 463.2 1.49× 8.62 3.88 54.97%
8192 8288.1 14884.2 1.80× 263.1 351.8 1.34× 11.99 7.25 39.55%

128
512 10972.3 20305.1 1.85× 316.5 402.7 1.27× 7.77 3.40 56.27%
2048 10611.5 19308.8 1.82× 310.5 410.5 1.32× 8.62 4.25 50.68%
8192 8288.1 13693.0 1.65× 263.1 329.7 1.25× 11.99 7.62 36.47%

Table 5: Prefill/decode throughput and memory usage are reported for LLaMA3.1-8B and Qwen3-4B under BF16
and ARHQ with LoRA ranks 32 and 128 across different sequence lengths. Throughput ratios denote ARHQ
speedup over BF16, memory saving denotes relative GiB reduction, and all results are measured with batch size 4,
BF16 LoRA, and vLLM compile plus CUDA graph on an NVIDIA GeForce RTX 5090 GPU.

but ARHQ remains near the BF16 reference while
preserving the W4A4 serving benefits.

4.5 Inference efficiency and memory

Finally, we measure the serving cost of the quan-
tized model with the high-precision LoRA cor-
rection branch. The deployed ARHQ path com-
bines a low-bit weight branch with a LoRA-style
high-precision correction branch, and we report
prefill throughput, decode throughput, and peak
GPU memory.

As reported in Table 5, ARHQ consistently im-
proves serving efficiency over the BF16 baseline
across both models, ranks, and sequence lengths.
It delivers large prefill and decode speedups while
substantially reducing peak GPU memory. Increas-
ing the correction rank from 32 to 128 reduces
the efficiency gain due to the larger high-precision
branch, but ARHQ still maintains clear throughput
and memory advantages over BF16. These results
show that ARHQ defines practical operating points
that balance reconstruction quality, model accuracy,
and serving efficiency.

Beyond BF16, Table 7 in the appendix com-
pares against AWQ W4A16 on LLaMA-3.1-8B.
ARHQ is 2.2–3.1× faster in compute-bound prefill,
but reaches only 40–83% of AWQ’s throughput in
memory-bound decoding at batch size 4, mainly
due to the extra memory traffic of the low-rank
branch; at batch size 24, ARHQ at rank 32 ex-
ceeds AWQ (107%). ARHQ thus targets prefill and
larger-batch serving rather than latency-oriented
low-batch decoding. All measurements use a sin-

gle GPU without tensor-parallel communication.

5 Conclusion

We presented ARHQ, a post-training residual-
aware low-rank correction method for low-bit
activation-weight quantization. By measuring the
residuals produced by the deployed activation quan-
tizer and constructing an activation residual Hes-
sian, ARHQ identifies weight directions that most
amplify activation quantization errors and assigns
them to a small high-precision branch. At a
matched rank, it outperforms SVDQuant in re-
construction, perplexity, and downstream accu-
racy, with the largest efficiency gains in compute-
bound prefill. These results suggest that aggressive
activation-weight quantization should be treated
not only as an outlier or weight-sensitivity prob-
lem, but also as a residual-propagation problem
determined by the deployed quantizer.
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Limitations

While ARHQ mitigates activation residual propa-
gation, it has several limitations.

Activation-residual-only objective The closed-
form ARHQ objective optimizes only the
activation-residual propagation term ExW

⊤ and
does not model the weight-quantization term XE⊤

w

or the cross term ExE
⊤
w of the deployed W4A4

error. In particular, it does not explicitly control
whether the residual weight Wres = W−L remains
quantization-friendly. A joint objective would lose
the closed-form solution because the weight quan-
tizer is non-differentiable and depends on L. We
quantify this gap with a calibration-time refine-
ment, ARHQ-w (Appendix D), which incorporates
the dense-branch weight quantization error and
improves LLaMA-3-8B at rank 32 from 7.04 to
6.96 perplexity without changing the inference path.
The original ARHQ objective should therefore be
understood as isolating one important component
of the deployed error rather than as a global opti-
mizer of the full W4A4 error.

Sequential smoothing and splitting ARHQ ap-
plies activation smoothing before low-rank split-
ting. Since smoothing changes the residual Hessian,
jointly optimizing smoothing scales and the low-
rank branch may yield a better quality–efficiency
trade-off, but is left for future work.

Uniform rank allocation We use the same rank
r for all layers. However, layers have different
sensitivity to activation residuals. Adaptive rank
allocation based on layer-wise spectra or residual
sensitivity could further improve efficiency.

Scope of efficiency gains ARHQ targets
compute-bound regimes. Its W4A4 dense path
benefits from low-precision tensor-core GEMMs
during prefill and large-batch serving, but the
BF16 low-rank branch is also executed during
decoding. In low-batch, memory-bound decoding,
weight-only W4A16 kernels such as AWQ
are faster than ARHQ (Table 7). Our current
implementation runs the correction branch as a
separate LoRA-style kernel; a fused kernel could
reduce launch overhead. All efficiency results are
measured on a single GPU, so they do not capture
the additional communication that the low-rank
branch may incur under tensor-parallel serving.
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A Closed-form solution of ARHQ

Proposition 1 (ARHQ closed-form decomposi-
tion). Let W ∈ RDout×Din and assume the activa-
tion residual covariance Gx ≻ 0. Define the scaled
weight matrix M = WG

1/2
x . If Mr is the optimal

rank-r approximation of M under the Frobenius
norm, then the exact solution to the weighted ob-
jective

min
rank(L)≤r

∥(W − L)G1/2
x ∥2F (29)

is strictly given by

L⋆ = MrG
−1/2
x (30)

Proof. We introduce the change of variables L̃ =

LG
1/2
x . Because Gx ≻ 0, the matrix G

1/2
x is invert-

ible, which guarantees that right-multiplication pre-
serves the matrix rank, i.e., rank(L̃) = rank(L).
The weighted objective can thus be rewritten as a
standard unweighted approximation problem:

min
rank(L̃)≤r

∥M − L̃∥2F (31)

By the Eckart-Young-Mirsky theorem, the op-
timal solution for L̃ is the truncated SVD of M ,
denoted as Mr. Mapping this solution back to the
original parameter space yields L⋆ = MrG

−1/2
x ,

concluding the proof.

B Numerical Regularization

In practice, Gx can be singular or ill-conditioned,
e.g., when the calibration token count is small rel-
ative to the input dimension, when some channels
have nearly zero quantization residual, or when
smoothing reduces the effective residual rank. Di-
rectly applying G

−1/2
x may then produce unstable

low-rank factors. We therefore floor the eigenval-
ues: with Gx = Udiag(λ)U⊤, we use

Gx,ϵ = Udiag(max(λi, ϵ))U
⊤, (32)

and solve minrank(L)≤r∥(W − L)G
1/2
x,ϵ ∥2F . The

closed-form solution keeps the same form with
Gx replaced by Gx,ϵ, and the floor prevents G−1/2

x

from over-amplifying directions with negligible
measured residual energy.

C Baseline Reproduction Details

SVDQuant. We reproduce the SVDQuant low-
rank split in our pipeline: after the same smoothing

as ARHQ (all LLaMA experiments use smoothing;
only Table 1 also reports the unsmoothed variant),
the low-rank branch is the rank-r truncated SVD of
the smoothed weight, and the residual is quantized
with the same NVFP4 quantizer. It therefore differs
from ARHQ only in the selection metric.

ResQ. We use the official implementation with
its default setting, which keeps a 1/8 fraction of the
hidden dimension in 8-bit precision, and disable
KV-cache quantization (W4A4KV16) to match our
setting. Its zero-shot average in Table 4 covers
eight tasks, as LAMBADA was not evaluated.

QuaRot and SpinQuant. After correcting a con-
figuration issue in our earlier SpinQuant reproduc-
tion, both methods are rerun under the same cali-
bration data, quantization format, and evaluation
protocol as ARHQ. SpinQuant’s rotations are opti-
mized for 100 steps with learning rate 1.5.

D ARHQ-w: Accounting for Weight
Quantization Error

The closed-form ARHQ split ignores the error
of quantizing the dense branch Wres = W − L.
ARHQ-w is a calibration-time refinement that in-
corporates this error while keeping the rank, the
W4A4 dense path, the BF16 correction branch, and
all runtime operations unchanged, so it adds no in-
ference cost. Specifically, it iteratively incorporates
the dense-branch weight quantization error during
calibration when constructing the low-rank branch.
On LLaMA-3-8B, ARHQ-w reduces perplexity at
all ranks (Table 4).

E Subspace Comparison with SVDQuant

To compare the subspaces selected by ARHQ and
SVDQuant, we measure the fraction of activation-
residual amplification energy removed by a rank-r
branch L:

ρ(L) = 1− ∥Ex(W − L)⊤∥2F
∥ExW⊤∥2F

. (33)

By construction (Appendix A), ARHQ maximizes
ρ among rank-r branches, so this analysis quan-
tifies how far the weight-spectrum subspace of
SVDQuant is from the residual-optimal one. We
compute ρ for the ARHQ and SVDQuant factors
of LLaMA-3-8B (NVFP4, with smoothing), eval-
uating both methods under the same Gx; ρ is
therefore measured on calibration statistics rather
than held-out data. As shown in Table 6, ARHQ
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captures more residual-amplification energy than
SVDQuant for every projection type and rank, and
it is higher in all 224 linear layers at each of the
three ranks. The gap is largest for o_proj (8.5
points at r = 128) and grows with the rank (from
2.0 points at r = 32 to 3.8 points at r = 128
on average). This confirms empirically that the
weight-spectrum subspace selected by SVDQuant
is not aligned with the directions that propagate the
deployed quantizer’s residual.

r = 32 r = 64 r = 128

SVDQ. ARHQ SVDQ. ARHQ SVDQ. ARHQ

q 21.44 22.92 29.53 31.25 39.62 41.77
k 26.77 29.58 38.75 41.26 53.88 56.28
v 10.17 12.02 18.17 20.97 31.51 35.27
o 9.81 13.96 15.67 21.75 24.34 32.82
gate 7.70 8.36 10.77 12.02 15.51 17.97
up 3.94 4.86 6.34 8.02 10.43 13.54
down 7.46 9.33 10.48 13.19 15.48 19.46

Avg. 12.47 14.43 18.53 21.21 27.25 31.01

Table 6: Residual-amplification energy ratio ρ (%) cap-
tured by the rank-r branch of SVDQuant and ARHQ
on LLaMA-3-8B, averaged over the 32 layers for each
projection type. SVDQ.: SVDQuant.

F Additional Experimental Results

Tables 8 and 9 report additional LLaMA-family
results beyond the main LLaMA-3-8B comparison.
These experiments follow the same evaluation pro-
tocol as the main results: perplexity is measured on
WikiText2, and zero-shot accuracy is averaged over
the same nine tasks. The purpose of these tables is
to test whether the gains of ARHQ are specific to
one model scale or remain visible across different
LLaMA-family models.

Across these additional settings, ARHQ remains
competitive under W4A4 quantization and gener-
ally improves as the rank increases. This trend
is consistent with the interpretation that the high-
precision branch corrects a low-dimensional subset
of residual-sensitive directions: a larger rank in-
creases the correction capacity, while still keeping
the branch substantially smaller than the original
dense matrix.

G Comparison with W4A16 Inference

Table 7 compares the throughput of ARHQ with
AWQ W4A16 on LLaMA-3.1-8B, as discussed in
Section 4.5.

BS SeqLen
AWQ ARHQ / AWQ

tok/s r=32 r=64 r=128

Prefill
4 512 6232 3.11× 2.89× 2.50×
4 2048 5765 2.93× 2.78× 2.40×
4 8192 5069 2.49× 2.43× 2.22×

Decode
4 512 518.8 0.65× 0.50× 0.40×
4 2048 446.1 0.80× 0.77× 0.71×
4 8192 367.7 0.83× 0.79× 0.74×

24 4096 1155.4 1.07× – –

Table 7: Throughput of ARHQ (W4A4 + BF16 low-
rank branch) relative to AWQ W4A16 on LLaMA-3.1-
8B, on the same GPU and serving stack as Table 5. BS:
batch size. ARHQ is faster in compute-bound prefill and
large-batch decoding, and slower in low-batch, memory-
bound decoding.

H Quantizer-format comparison

Hardware formats such as NVFP4 target efficient
4-bit floating-point training and inference on re-
cent accelerators. Emerging analyses of microscal-
ing FP4 formats study the gap between theoretical
promise and empirical quantization behavior, in-
cluding cases where conventional outlier mitigation
may not fully transfer to FP4 settings (Egiazar-
ian et al., 2025). These observations motivate
quantizer-adaptive methods. ARHQ is designed
for this setting because its metric Gx = E⊤

x Ex/N
is estimated after applying the actual activation
quantizer, codebook, scaling rule, and calibration
distribution.

Table 10 compares ARHQ under different 4-
bit activation-weight formats. The same residual-
aware construction applies because ARHQ only
requires the measured activation residual

Ex = Qx(X)−X. (34)

Thus, the method is not tied to a particular quan-
tizer family. Changing the quantizer changes the
residual covariance Gx, and ARHQ adapts by re-
computing the low-rank split under the new resid-
ual metric.

The comparison supports the view that ARHQ
should be understood as a quantizer-adaptive split-
ting criterion rather than an NVFP4-specific heuris-
tic. When the activation codebook, scaling rule, or
clipping behavior changes, the residual covariance
changes accordingly, and the low-rank branch is se-
lected from the directions that are important under
that deployed quantizer.
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Method ARC-c ARC-e BoolQ HellaS. Lam. OBQA PIQA SIQA WinoG. Avg. Wiki2 (↓)

Baseline model with 16bit-weights and 16bit-activations
BF16 46.42 74.33 77.71 75.94 73.69 44.20 79.16 45.91 69.53 65.21 5.47
Reference models with 4bit-weights and 16bit-activations
RTN-W4A16 42.15 67.59 73.06 72.34 67.18 41.80 76.50 44.11 66.69 61.27 7.02
SmoothQuant-W4A16 39.59 65.19 69.82 68.84 62.27 40.20 75.95 44.17 63.85 58.88 8.03
GPTQ-W4A16 42.49 69.53 61.31 73.83 67.61 42.40 77.64 44.52 68.43 60.86 9.84
OmniQuant-W4A16 42.49 71.00 74.34 73.85 70.70 44.20 78.40 44.93 68.82 63.19 5.74
AWQ-W4A16 44.11 70.75 78.07 74.98 70.68 43.80 78.13 45.14 69.38 63.89 5.83
QuaRot-W4A16 43.94 73.15 76.97 74.87 73.06 44.00 78.24 45.09 69.38 64.30 5.62
SpinQuant-W4A16 43.34 72.69 73.36 75.10 73.80 43.00 77.86 45.60 67.56 63.59 5.58
OSTQuant-W4A16 44.54 73.31 75.57 75.04 73.67 44.20 78.89 45.50 68.59 64.37 5.64
Reference models with 4bit-weights and 4bit-activations
RTN 25.34 28.03 50.52 27.71 1.01 26.20 50.82 33.93 48.38 32.44 inf
SmoothQuant 28.33 26.39 49.39 27.28 1.18 23.40 48.80 33.62 50.75 32.13 inf
GPTQ 24.40 28.70 51.62 28.66 1.36 24.60 51.14 34.49 49.49 32.72 inf
QuaRot∗ 40.53 68.86 72.66 71.15 68.12 36.40 76.71 32.86 65.27 59.17 6.37
SpinQuant∗ 39.85 65.36 71.99 70.26 66.06 38.80 75.73 42.37 65.19 59.51 6.56
OSTQuant 44.03 71.93 75.41 74.94 73.22 43.20 78.51 45.85 68.03 63.90 5.60
Proposed models with 4bit-weights and 4bit-activations
ARHQ rank 32 45.05 72.77 76.36 74.45 73.49 42.60 78.24 45.04 68.51 64.06 5.75
ARHQ rank 64 45.65 73.65 74.71 74.36 74.17 43.40 78.40 44.73 68.75 64.20 5.74
ARHQ rank 128 44.45 73.11 76.18 74.53 74.00 43.60 78.51 45.60 68.51 64.28 5.71

Table 8: Zero-shot accuracy and WikiText2 perplexity on LLaMA-2-7B (BF16 baseline). Best reference results are
underlined; best proposed results are in bold. ∗Re-run with corrected configurations under W4A4KV4 (4-bit KV
cache), following the original setups.

Method ARC-c ARC-e BoolQ HellaS. Lam. OBQA PIQA SIQA WinoG. Avg. Wiki2 (↓)

Baseline model with 16bit-weights and 16bit-activations
BF16 64.42 85.98 85.14 84.95 79.47 48.46 84.39 50.82 80.66 73.81 2.86
Reference models with 4bit-weights and 16bit-activations
RTN-W4A16 26.28 25.55 37.83 26.36 0.00 29.00 50.98 34.70 49.64 31.15 inf
SmoothQuant-W4A16 51.88 77.53 80.09 80.47 73.16 46.60 80.58 45.29 75.85 67.94 6.70
GPTQ-W4A16 25.77 25.29 37.83 26.36 0.12 28.40 51.74 34.90 52.64 31.45 inf
OmniQuant-W4A16 48.29 75.42 77.92 77.80 75.59 45.20 80.41 46.62 70.17 66.38 5.02
AWQ-W4A16 52.26 78.95 83.24 81.52 73.05 47.67 81.25 44.43 77.98 68.93 5.92
Reference models with 4bit-weights and 4bit-activations
RTN 27.47 25.88 37.83 26.26 0.00 27.20 51.63 35.26 49.33 31.21 inf
SmoothQuant 25.60 34.47 50.46 32.48 1.98 30.00 54.24 33.83 48.93 34.67 inf
GPTQ 25.77 26.09 43.64 26.42 0.00 27.40 52.01 32.55 49.33 31.47 inf
QuaRot 50.60 73.65 77.46 77.83 71.96 43.20 78.13 45.29 71.90 65.56 6.35
SpinQuant 53.84 77.69 80.24 78.19 73.06 45.00 78.67 43.24 73.01 66.99 6.10
OSTQuant 61.84 84.56 84.14 82.47 77.08 46.07 83.38 50.23 80.13 72.21 3.97
Proposed models with 4bit-weights and 4bit-activations
ARHQ rank 32 61.93 84.13 82.12 82.14 77.43 47.20 83.43 50.32 80.21 72.10 3.74
ARHQ rank 64 62.05 84.67 84.31 82.79 78.30 46.32 83.52 50.26 80.03 72.47 3.67
ARHQ rank 128 62.11 83.92 84.28 83.04 78.82 47.64 83.98 50.43 80.33 72.73 3.60

Table 9: Zero-shot accuracy and WikiText2 perplexity on LLaMA-3-70B (BF16 baseline). Best reference results
are underlined; best proposed results are in bold.

Method ARC-c ARC-e BoolQ HellaS. Lam. OBQA PIQA SIQA WinoG. Avg. Wiki2 (↓)

Baseline model with 16bit-weights and 16bit-activations
BF16 53.50 77.74 81.10 79.18 75.74 44.80 80.63 47.08 73.01 68.09 6.14
Proposed models with 4bit-weights and 4bit-activations in NVFP4 format
ARHQ rank 32 50.43 74.41 77.40 76.99 73.92 44.20 78.62 45.75 73.09 66.09 7.04
ARHQ rank 128 49.57 73.70 81.41 76.87 75.18 44.00 79.22 46.32 71.43 66.41 6.89
Proposed models with 4bit-weights and 4bit-activations in INT4 format
ARHQ rank 32 47.18 74.41 73.58 76.21 72.95 42.80 78.78 44.83 70.80 64.62 7.29
ARHQ rank 128 47.87 76.05 79.05 76.81 71.80 41.80 78.24 45.75 71.90 65.47 7.06

Table 10: Comparison of zero-shot accuracy and WikiText2 perplexity on LLaMA-3-8B using different low bit
approaches.
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