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Abstract

Post-training quantization (PTQ) has become a
key approach for large language model (LLM)
compression. Existing methods commonly
adopt block-level reconstruction as a surrogate
to calibrate each quantized Transformer block.
However, our analysis shows that this loose ob-
jective can admit cancellation patterns, where
the aggregated block-level reconstruction er-
ror is small even though the per-head errors
remain large. We therefore revisit the PTQ for-
mulation from a variational perspective. By
treating per-head representations as latent vari-
ables and the block output as the observed vari-
able, we find that conventional block-level re-
construction corresponds to optimizing only
the observation-level term, while omitting a
latent alignment term that captures head-level
quantization error. Motivated by this finding,
we propose HEAL, a Latent HEad ALignment
framework that turns block-level reconstruction
calibration into joint observation-latent calibra-
tion with stop-gradient head alignment. Exper-
iments on LLaMA-2/3 and Qwen2.5 families
under low-bit weight-activation quantization
show that HEAL generally improves perplexity
and zero-shot accuracy over block-level recon-
struction baselines.

1 Introduction

The practical deployment of large language mod-
els (LLMs) is increasingly constrained by memory
footprint and inference cost (Zhao et al., 2026; Zhu
et al., 2024; Zhou et al., 2024; Wan et al., 2024;
Kwon et al., 2023). Low-bit weight-activation post-
training quantization (PTQ) has emerged as a key
compression technique for LLMs, lowering the nu-
merical precision of both stored weights and run-
time activations after pre-training (Gholami et al.,
2022; Sun et al., 2025; Zhao et al., 2024; Shao et al.,
2024). To reduce the quantization error, existing
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Figure 1: Ilustration of hidden head-wise quantization
errors under block-level reconstruction. Although the
aggregated output error AY = Ahy + Ahsy is small
due to error cancellation between different heads, the
individual head errors |[Ah| and |Ahs| are still large.
This indicates that block-level reconstruction alone can
fail to constrain head-level representation distortion.

PTQ methods introduce various smoothing trans-
formations, such as scaling, rotation, or learnable
affine maps (Sun et al., 2025; Ashkboos et al., 2024;
Liu et al., 2025; Shao et al., 2024; Lin et al., 2024a).
However, directly optimizing these transformations
against the end-to-end quantization error is com-
putationally prohibitive at LLM scale. Some prior
work therefore adopts block-level reconstruction
as a tractable surrogate, calibrating each quantized
Transformer block to match the output of its full-
precision counterpart.

This surrogate, however, observes head-wise
quantization errors only after the head represen-
tations have been linearly mixed and absorbed into
the block output. As a result, it provides a loose sig-
nal for preserving per-head representations. That
is, head-wise quantization errors pointing in differ-
ent directions can partially cancel after projection,
yielding a small aggregated error that nonetheless
masks substantial per-head distortion. For instance,
Figure 1 illustrates this issue with a toy example,
where two heads with large but opposing error vec-
tors produce a near-zero block-level error.

We further investigate this problem from an ana-
lytical perspective (see Section 3.1). A first-order
expansion shows that the block-level reconstruction
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Figure 2: Analysis of hidden head-wise quantization errors. (a) Pairwise angles between head-wise quantization error
vectors, showing that errors from different heads can have different directions. (b) Hidden head-error ratio, measured
by >, B4 /(EP'° + €). A larger ratio indicates that the aggregated block-level error underestimates the
accumulated head-level distortions. Compared with FlatQuant, our method reduces this ratio by 24.2%, suggesting
that head-wise errors are less hidden after calibration. (c) Head-wise quantization error comparison between
FlatQuant and our method. Our method generally reduces the errors of individual attention heads, supporting the
hypothesis that HEAL mitigates hidden head errors associated with cancellation.

loss can be approximated by the norm of a sum of
head-wise error contributions. This sum-of-vectors
structure can admit cancellation patterns, where
the block-level error is small even though per-head
quantization errors remain large. Such patterns
are problematic because block-level reconstruction
cannot distinguish genuine head-wise error reduc-
tion from cancellation-based fits. We empirically
demonstrate this phenomenon on Qwen2.5-7B in
Figure 2: (a) head-wise quantization error vectors
span a wide range of pairwise angles, confirming
that cancellation is geometrically available; (b) the
ratio ), Efs*/(EP'% + €) remains large under
block-level calibration, indicating that block-level
error systematically underestimates accumulated
head-level distortion.

To address this gap, we revisit PTQ calibration
through a surrogate variational view. By treating
per-head representations as latent variables and the
full-precision block output as the observed variable,
we show that the MSE-based PTQ formulation can
be interpreted as a negative evidence lower bound
(ELBO) that decomposes into an observation-level
reconstruction term and a latent-alignment term.
Conventional block-level reconstruction recovers
only the first term, leaving the latent head align-
ment unconstrained and thereby admitting cancel-
lation patterns.

Motivated by this finding, we propose HEAL,
a plug-and-play latent HEad ALignment frame-
work that turns block-level reconstruction calibra-
tion into joint observation-latent calibration, with-
out changing the quantizer or inference graph. To
make the latent alignment practical at LLM scale,

we further introduce a stochastic token-window cal-
ibration strategy that computes the head-alignment
loss on randomly sampled continuous token win-
dows, reducing the additional computation required
by head alignment while exposing the objective to
diverse local contexts. Experiments on LLaMA-
2/3 and Qwen2.5 families under low-bit weight-
activation quantization show that HEAL generally
improves perplexity and zero-shot accuracy over
block-level reconstruction baselines. Our contribu-
tions are summarized as follows:

* We identify cancellation patterns in block-
level reconstruction. Head-wise quantization
errors can cancel after projection, making
block-level error unable to distinguish gen-
uine head-wise error reduction.

* We derive an evidence lower bound (ELBO)
for PTQ calibration, showing that existing
block-level reconstruction losses omit the la-
tent head alignment term.

* We propose HEAL, a plug-and-play la-
tent head-alignment framework that comple-
ments block-level reconstruction with a stop-
gradient head alignment objective and stochas-
tic token-window calibration, improving per-
plexity and zero-shot accuracy across various
LLM backbones and downstream tasks.

2 Related Work
2.1 LLM Quantization.

Quantization compresses model parameters by rep-
resenting full-precision values with low-bit formats,
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thereby reducing storage overhead and inference-
time memory consumption. In general, existing
quantization methods can be categorized into two
main paradigms: Quantization-Aware Training
(QAT) and Post-Training Quantization (PTQ).
QAT (Liu et al., 2024a; Chen et al., 2024; Jeon
et al., 2025a,b; Ke et al., 2024) improves low-bit
robustness by exposing LLMs to quantization ef-
fects during training process. However, this benefit
comes at the cost of additional model adaptation,
which is often prohibitively expensive for LLMs
with billions of parameters. PTQ methods (Xiao
et al., 2023; Lin et al., 2024b; Huang et al., 2024a;
Wang et al., 2026; Kim et al., 2025; Liu et al.,
2024b) instead quantize pre-trained LLMs directly,
thus substantially reducing the computational cost
of quantization. SliderQuant (Wang et al., 2026)
proposes inter-layer and intra-layer sliding quanti-
zation, which adaptively reduces layer-wise quan-
tization errors through a sliding-window mecha-
nism. GuidedQuant (Kim et al., 2025) introduces
end-loss guidance into the PTQ objective by incor-
porating gradient information during calibration.

2.2 Transformation LLM Quantization.

Recent LLM PTQ methods have mainly focused on
mitigating outliers and improving the quantizabil-
ity of weights and activations through equivalent
transformations. OmniQuant (Shao et al., 2024)
introduces a differentiable PTQ framework with
learnable weight clipping and learnable equiva-
lent transformation, enabling both weight-only and
weight-activation quantization under a block-wise
reconstruction objective. QuaRot (Ashkboos et al.,
2024) applies computationally invariant rotations
to remove activation outliers and enables end-to-
end 4-bit quantization of weights, activations, and
KV caches. SpinQuant (Liu et al., 2025) further im-
proves rotation-based PTQ by learning the rotation
matrices, since different random rotations can lead
to large variations in quantized model accuracy.
DuQuant (Lin et al., 2024a) redistributes massive
and normal activation outliers via block-wise rota-
tion and zigzag permutation. FlatQuant (Sun et al.,
2025) proposes learnable affine transformations to
enhance the flatness of weights and activations.

3 Method

We first analyze the limitation of block-level re-
construction for low-bit quantization (Section 3.1).
We then revisit PTQ calibration from a variational

perspective and identify a missing latent head-
alignment term. Based on this analysis, we in-
troduce HEAL in Section 3.2, which reformu-
lates block-level reconstruction calibration as joint
observation-latent calibration with stop-gradient
head alignment (Section 3.4). The overview of the
proposed method is shown in Figure 3.

3.1 The Devil in the Details: Cancellation in
Block-level Reconstruction

Let Hlf » and Hj, denote the full-precision and
quantized representations of the h-th attention head
in the [-th Transformer block before the attention
output projection. We define the corresponding
head-wise quantization error as

AH,, = HI? —HY,. (1)

Since the output projection linearly mixes different
heads, block-level reconstruction observes these
head-wise errors only after they have been pro-
jected and combined.

Proposition 1. Under a first-order approxima-
tion of the post-attention block transformation,
the block-level reconstruction loss can be approxi-
mated as

Np, 2
Lyce = || > T (AH W,y 0) + AZMP||
h=1 F
2

where W, 5, is the output-projection submatrix
associated with the h-th head, J; is the local Ja-
cobian of the post-attention transformation, and
AZ™P denotes errors from the MLP branch and
activation perturbations. Consequently, there exist
nonzero head-wise quantization errors for which
Ly 1s small or even zero while the accumulated
per-head error remains large.

Discussion. Proposition 1 shows that block-level
reconstruction optimizes a mixed sum of projected
head-wise errors rather than the errors of individual
heads. When different heads induce error contri-
butions with opposing directions, the mixed block-
level error can be small due to cancellation. For
example, in a simplified two-head case with J; = I,
Woi1 = Woio =T, AZ™ =0, AH,; = E,
and AH; 5 = —E, the block-level reconstruction
error becomes zero while the accumulated head-
wise error is 2||E||%. Thus, block-level reconstruc-
tion cannot distinguish genuine head-wise error
reduction from cancellation-based fits. The proof
is provided in Appendix A.
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Figure 3: Overview of HEAL. HEAL complements block-level reconstruction with a latent head-aware calibration
objective. Given the same calibration input, HEAL aligns the full-precision and quantized pre-projection attention-
head representations, in addition to matching the final block outputs. The head alignment loss is computed on a
stochastic token window and gradually introduced by a Warmup-Ramp coefficient.

3.2 Latent Head Alignment

The cancellation analysis above shows that block-
level reconstruction can be satisfied without reduc-
ing the underlying head-wise errors. Instead of
directly adding a heuristic head-level regulariza-
tion term, we revisit the PTQ formulation from a
variational perspective.

Proposition 2. We treat pre-projection attention-
head representations as latent variables and the
full-precision block output as the observed target.
Under a surrogate Gaussian interpretation of MSE-
based PTQ calibration, the negative evidence lower
bound (ELBO) can be written, up to constants and
variance-dependent coefficients, as

'Cvar :‘Crec

Np
+ )\head Z

h=1

q fp 2
H,, - Hl,hHF +C,

(3)
where Ly = ||Z] — Zlf P||2, and C is independent
of the calibration parameters. This view shows
that conventional block-level reconstruction corre-
sponds to retaining only the observation-level term
Lec, leaving latent head alignment unconstrained.

Discussion. Proposition 2 shows that the head-
alignment term is not an ad-hoc regularizer, but
a latent alignment term omitted by block-level re-
construction. This missing term directly targets the

head-wise quantization errors that can be hidden by
cancellation in the mixed block output. The proof
is provided in Appendix B.

3.3 HEAL as a Plug-and-Play Calibration
Objective

Motivated by the above discussion, we pro-
pose HEAL, a plug-and-play calibration objective
that turns block-level PTQ calibration into joint
observation-latent calibration by explicitly aligning
pre-projection head representations. It can be incor-
porated into block-level reconstruction-based PTQ
pipelines that expose pre-projection attention-head
representations.

For the h-th attention head, the representation
discrepancy is measured as

fp2

1
— ~ |me, —H ‘ 4
gl,h |Ql,h| H I,h 1,h F7 ( )

where & j, is the normalized discrepancy and €, ,
denotes all elements of the h-th attention head. The
head-wise latent alignment loss is then defined as

Np
1
Lhead = N, E En, ©)
h=1

This objective explicitly enforces latent representa-
tion consistency for each attention head by aligning
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the pre-projection head representations of the full-
precision and quantized models. Meanwhile, the
stop-gradient operation detaches the full-precision
representations from the computational graph, mak-
ing them fixed reference targets and preventing gra-
dients from propagating through the full-precision
branch.

3.4 Stochastic Token-window Calibration

The head-level constraint to all tokens can over-
constrain the original block-level reconstruction
process. Therefore, we adopt a stochastic token-
window strategy. In the process, the head-wise
latent alignment loss is evaluated only on a sampled
continuous token window. At calibration step ¢, we
sample a window start index from the valid token
positions:

s; ~ Uniform{0,1,...,5S — L},  (6)

where S denotes sequence length, and construct a
continuous token window of length L:

, St + L— 1}, (7)
where L is the token-window size. For the h-th
attention head, the windowed representation dis-
crepancy is computed as:

w_ 1 ’
Lbh — ’Q(t)

Wt:{st,st—l—l,...

2
( Wt) ('ﬂWt>HF7
(&)
where Ql(t,)l denotes all elements of the h-th atten-
tion head within the sampled token window. There-
fore, the head-wise latent alignment loss using
stochastic token-window can be defined as:

L0 LR 9
head_]thZ: Lh* €)
=1

Across calibration steps, different token windows
are sampled, exposing the head-alignment objec-
tive to diverse local token contexts. This stochastic
strategy avoids forcing the objective to fit the entire
sequence at every optimization step.

3.5 Optimization Objective

In the calibration process, to avoid disturbing the
early stage of block-level reconstruction, we in-
troduce a warmup-ramp coefficient to gradually
activate the head-alignment loss:

0, t < Twarm,
ap = tiz;%;m Twarm <t < Twarm + Trampa
1, t > Tyarm + Trampa

(10)

Algorithm 1 Latent Head Alignment Process

Require: Full-precision block flf P quantized
block f}!, calibration inputs X, calibration
steps T'

1: Initialize calibration parameters 6, for f/’

2: Cache full-precision block outputs Zlf P and

pre-projection head representations Hlf P

3: fort =1toT do

4:  Run quantized forward with ¢; to obtain Z?
and HY

5:  Compute block reconstruction loss EE?C
Sample a continuous token window W

7: Compute windowed head-wise discrepan-
cies {El 4 }h " between pr and HY

8: Compute head alignment loss El(]e)ad =

N,, Z 51 h

9:  Compute total calibration loss LU = zﬁ?c
at)\headﬁg)

ead

10:  Update calibration parameters §; by mini-
mizing £

11: end for

12: return Calibrated parameters 6;

where Tarm and Tramp denote the warmup and
ramp-up stages, respectively. Therefore, at calibra-
tion step ¢, the final optimization objective can be
expressed as:

LY = Lree + adneaal , (A1)

where L. is the conventional block-level recon-
struction 1oss, Apeaq controls the strength of the
head alignment, and a; gradually increases the con-
tribution of the head-wise latent alignment loss
during calibration.

Importantly, HEAL performs block-wise PTQ
calibration and only augments the calibration objec-
tive with the proposed head-wise latent alignment
loss and optimizes the learnable calibration param-
eters 0; of each quantized block, such as affine
transformation and quantizer clipping/scaling, not
introducing additional learnable modules. The full-
precision block is frozen and used only to gener-
ate detached targets Zlf P and Hlf P The quantized
block is calibrated by jointly minimizing the recon-
struction loss and the proposed head-wise latent
alignment loss. We summarize the overall calibra-
tion procedure in Algorithm 1.
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MODEL METHOD WIKITEXT2 | ARC-C ARC-E BOOLQ HELLASWAG PIQA WINOGRANDE AVG

FP16 5.47 46.25 74.58 77.68 76.01 79.11 69.06 70.45

OMNIQUANT 16.02 25.43  46.89 59.97 39.02 62.79 50.43 47.42

QuUAROT 8.38 36.26 63.43 69.14 65.45 73.12 60.06 61.24

LLAMA2-7B DUQUANT 6.26 36.86 63.72  67.65 69.34 74.70 63.38 62.61
SPINQUANT 6.08 39.33  66.96 69.42 71.70 74.76 66.06 64.71

FLATQUANT 5.76 44.71 7193 74.83 74.36 77.80 67.48 68.52

OURS 5.75 42.75 7391 74.59 74.30 77.97 67.80 68.55

FP16 4.88 49.06 77.53 80.55 79.39 80.52 72.06 73.19

OMNIQUANT 14.84 25.76  49.20 61.99 40.72 65.89 53.91 49.58

QuAROT 6.17 44.62 71.51 74.43 72.36 76.99 65.51 67.57

LLAMA2-13B DUQUANT 5.36 41.98 70.00 70.24 73.95 77.20 66.93 66.72
SPINQUANT 5.48 4599 73.40 78.84 74.93 77.45 69.93 70.09

FLATQUANT 5.09 46.84 76.01 80.46 76.85 78.76 70.96 71.65

OURS 5.09 46.93 75.84 80.40 77.80 78.67 70.80 71.74

FP16 6.24 53.92 81.14 82.20 78.97 81.12 73.09 75.07

QUAROT 10.41 3891 66.92 72.35 66.59 74.05 64.56 63.90

LLAMA3.1-8B  SPINQUANT 8.69 43.69 70.41 78.81 73.93 78.24 63.18 68.04
FLATQUANT 6.94 50.77 77.65 81.01 76.46 79.38 71.43 72.78

OURS 6.94 52.13 78.16 80.70 76.97 80.20 72.38 73.42

FP16 6.85 51.11  77.44  84.68 78.93 79.71 72.77 74.11

QUAROT 10.97 4411 69.53  65.50 71.44 76.99 63.77 65.22

QWEN2.5-7B SPINQUANT 8.44 46.93 73.70 78.04 72.74 77.37 65.04 68.97
FLATQUANT 8.17 52.47 77.69 83.79 76.30 78.35 69.38 73.00

OURS 7.29 52.22 78.96 83.85 77.38 79.00 70.24 73.61

FP16 5.29 59.04 79.34  85.60 83.00 82.05 75.30 77.39

QUAROT 7.83 51.79  76.30 74.89 74.81 78.78 66.30 70.48

QWEN2.5-14B  SPINQUANT 7.52 53.50 79.80 84.16 73.84 78.51 70.40 73.37
FLATQUANT 5.97 56.14  80.51 85.44 76.30 81.01 74.90 75.72

OURS 5.97 57.00 81.23 84.46 81.63 81.39 75.53 76.87

FP16 5.02 56.14  77.95 87.55 84.02 82.21 75.45 77.22

QUARoOT 6.67 48.98 75.25 82.39 78.03 79.87 67.64 72.03

QWEN2.5-32B  SPINQUANT 6.19 52.99 78.03 84.01 78.33 80.58 73.65 74.60
FLATQUANT 5.45 53.84 77.61 85.32 83.38 81.01 75.53 76.12

OURS 5.45 55.55 77.82 86.21 83.38 81.39 76.16 76.75

Table 1: The PPL and zero-shot performance of LLaMA2/3 and Qwen?2.5 families under W4A4 setting. Bold results

highlight the best performance.

4 Experiments

4.1 Implementation Details

Experimental Setup. We evaluate different meth-
ods on representative LLMs from the LLaMA-
2/3 (Touvron et al., 2023; Grattafiori et al., 2024)
and Qwen2.5 (Qwen et al., 2025) families using
the Hugging Face Transformers library. All ex-
periments are conducted on NVIDIA A100 GPUs
with 80 GB memory. For all HEAL-enhanced vari-
ants, we use the same calibration data, calibration
steps, quantization bit-widths, and optimization
schedule as the corresponding base PTQ method.
For example, in FlatQuant-based experiments, the
optimized parameters include affine transforma-
tion parameters, diagonal scaling factors, and learn-
able clipping factors. We use block-wise calibra-
tion with a sequence length of 2048, a calibration
batch size of 4, and 7' = 15 optimization steps
for each Transformer block, which are the same as
FlatQuant. For HEAL, the token-window length is
set to L = 1024, the latent head alignment weight

Ahead 18 set to 0.003 for LLaMA-2/3 models and
0.002 for Qwen2.5 models (See Appendix D for
analysis). We set the warm-up steps to Tarm = 3
and the ramp-up steps t0 Tramp = 5 in all experi-
ments.

Baselines. We compare HEAL with representative
quantization methods, including OmniQuant (Shao
et al., 2024), QuaRot (Ashkboos et al., 2024),
DuQuant (Lin et al., 2024a), SpinQuant (Liu et al.,
2025), and FlatQuant (Sun et al., 2025). Some
of these methods calibrate quantization-related pa-
rameters or transformations using block-level out-
put reconstruction objectives, without explicitly
accounting for head-wise pre-projection quantiza-
tion errors. Unless otherwise specified, HEAL is
instantiated by adding our latent head-alignment
objective to FlatQuant under the same quantizer
and calibration setting. For a controlled compari-
son, we first evaluate all baselines under the W4A4
(both weights and activations are quantized to 4
bits) setting with the same RTN quantizer in Ta-
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ble 1. We further report results under different
bit-width settings and quantizers to examine the
generality of HEAL.

Datasets and Evaluation Metrics. The 128 sam-
ples from the Wikitext2 (Merity et al., 2016) train-
ing dataset are randomly selected as the calibra-
tion set. We report perplexity (PPL) on Wikitext2
datasets and evaluate downstream zero-shot perfor-
mance using standard tasks, including PIQA (Bisk
et al., 2019); WinoGrande (Sakaguchi et al., 2021);
HellaSwag (Zellers et al., 2019); ARC-e and
ARC-c (Clark et al., 2018); BoolQ (Clark et al.,
2019). Besides, we report few-shot results on
ReCoRD (Zhang et al., 2018), SociallQA (Sap
et al., 2019), CommonsenseQA (Talmor et al.,
2019), and MMLU (Hendrycks et al., 2020). All
downstream evaluations are conducted using the
1m_eval framework.

4.2 Main Results

Table 1 reports the W4A4 quantization perfor-
mance of different quantization methods on the
LLaMA-2/3 and Qwen2.5 model families. As
shown in the table, OmniQuant suffers from no-
ticeable performance degradation under the W4A4
setting, whereas recent transformation-based PTQ
methods, including QuaRot, DuQuant, SpinQuant,
and FlatQuant, substantially improve low-bit quan-
tization performance. Among them, FlatQuant
serves as a strong baseline and achieves compet-
itive average performance across multiple LLMs.
Building on this strong baseline, our method further
improves the average zero-shot performance on
most evaluated LLMs. In particular, on Qwen2.5-
32B, our method matches or outperforms FlatQuant
on all zero-shot datasets and increases the average
score of zero-shot tasks. These results demonstrate
that the proposed head-aware calibration objec-
tive can effectively enhance existing block-level
reconstruction-based PTQ methods.

4.3 Analysis under Different Bit-widths

To evaluate the effectiveness of HEAL under differ-
ent quantization bits, we conduct experiments on
LLaMA3.1-8B with three representative weight-
activation bit-width settings, including W2A4,
W3A3, and W5AS. As shown in Figure 4, HEAL
improves the average zero-shot accuracy across all
bit-width settings. The improvement is more pro-
nounced under the most challenging W2A4 setting.
Nevertheless, HEAL improves the average zero-
shot accuracy from 35.45% to 36.34%. When the

bit-width increases, the quantization error is rela-
tively smaller, leading to more moderate but still
consistent improvements. These results demon-
strate that our method remains effective across dif-
ferent weight-activation bit-widths.

80
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Figure 4: The results under different bit-widths.

4.4 Combination with Existing PTQ Methods

To verify the compatibility of HEAL with exist-
ing PTQ methods, we integrate it into two repre-
sentative transformation-based quantization meth-
ods, QuaRot and SpinQuant. As shown in Table 2,
adding HEAL improves the corresponding base-
lines across different model families under low-bit
weight-activation quantization. Specifically, for
QuaRot, integrating HEAL brings the largest im-
provements on LLaMA3.1-8B in both zero-shot
accuracy and Wikitext2 perplexity. These results
demonstrate that HEAL is complementary to exist-
ing quantization approaches. Instead of modifying
the quantizer or transformation design, HEAL re-
fines the calibration objective from a latent head
alignment perspective and provides fine-grained su-
pervision for attention-head representations. There-
fore, our method can serve as a plug-in calibration
objective to enhance the performance of different
PTQ frameworks. The detailed results for zero-shot
datasets are provided in Table 5.

MODEL METHOD WIKITEXT2 ACCURACY
QUAROT 8.38 61.24
QUAROT+HEAL 7.90 62.11
LLAMA2-7B SPINQUANT 6.08 64.71
SPINQUANT+HEAL 6.03 65.24
QUAROT 6.17 67.57
QUAROT+HEAL 5.97 68.78
LLAMAZ-13B SPINQUANT 5.43 70.09
SPINQUANT+HEAL 5.38 70.26
QUAROT 10.41 63.90
QUAROT+HEAL 9.02 67.66
LLAMA3.1-8B SPINQUANT 8.69 68.04
SPINQUANT+HEAL 8.48 69.40

Table 2: The results of combining our method with other
quantization methods.

4.5 Analysis on GPTQ Quantizer

We further adopt GPTQ (Frantar et al., 2022) as
the weight quantizer to examine whether HEAL
is compatible with other quantizers. As shown in
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the Table 3, HEAL achieves comparable or lower
PPL than FlatQuant, while improving the average
zero-shot accuracy on LLaMA-2/3 and Qwen2.5
families. Notably, the Qwen2.5-14B model quan-
tized by our method even achieves higher zero-shot
accuracy than the Qwen2.5-32B models quantized
by QuaRot and SpinQuant. These results demon-
strate that the proposed HEAL is compatible with
the GPTQ quantizer. The detailed results for each
zero-shot datasets are provided in Table 7.

reliable zero-shot performance improvements.
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MODEL METHOD  WIKITEXT2 ACCURACY
QUAROT 6.14 67.15

SPINQUANT 5.89 67.32

LLAMA2-7B FLATQUANT 5.73 68.79
OURS 5.73 69.33

QuAROT 5.40 70.05

SPINQUANT 5.21 71.45

LLAMA2-13B b\ rQuanT 5.07 71.48
OURS 5.07 72.13

QUAROT 8.42 68.32

SPINQUANT 7.38 69.48
LLAMA3.1-8B FLATQUANT 6.86 72.91
OURS 6.85 73.37

QuARoOT 9.58 67.19

SPINQUANT 7.86 71.47

QWEN2.5-7B FLATQUANT 7.95 72.68
OURS 7.62 73.44

QuAROT 7.10 71.71

SPINQUANT 6.87 73.62

QWEN2.5-14B FLATQUANT 5.90 76.80
OURS 5.89 76.87

QUAROT 6.26 74.60

SPINQUANT 6.19 73.69

QWEN2.5-32B FLATQUANT 5.40 77.51
OURS 5.40 77.67

Table 3: The PPL and zero-shot results of using GPTQ.

4.6 Ablation Studies

Figure 5: The ablation studies of warmup-ramp and
token-window calibration.

Different Calibration Dataset. In the quantiza-
tion process, using different calibration datasets
can affect the performance of the quantized LLM.
Therefore, we should evaluate the robustness of
PTQ methods using different calibration datasets.
We use C4 (Raffel et al., 2020) training datasets as
the other calibration dataset and quantize Qwen2.5-
7B under W4A4 setting. The quantized model
is evaluated on the C4 validation dataset and the
zero-shot task datasets. As shown in Figure 6, our
method consistently outperforms FlatQuant.
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Effect of Warmup-Ramp. Figure 5a reports the
ablation study of the warmup-ramp schedule. Com-
pared with directly applying the head-alignment
objective, using warmup-ramp brings consistent
improvements on Qwen2.5-7B and LLaMA3.1-8B.
These results suggest that gradually introducing the
head-level constraint can stabilize calibration and
avoid over-constraining the block-level reconstruc-
tion objective at the early optimization stage.

Effect of Token-window Calibration. After vali-
dating the effectiveness of Warmup-Ramp, we fur-
ther conduct an ablation analysis on token-window
calibration under a fixed Warmup-Ramp setting.
Specifically, all compared settings use the same
Warmup-Ramp strategy, and differ only in whether
token-window is applied. Compared with apply-
ing head-level alignment to all tokens, the results
shown in Figure 5b demonstrate token-window can
alleviate excessive constraints on block-level re-
construction, thereby leading to more stable and
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Figure 6: The influence of different calibration datasets.

Comparison with other alignment targets. We
compare HEAL with two alternative alignment tar-
gets: attention-output alignment and MLP-state
alignment. As shown in Table 4, latent head align-
ment achieves the best performance, indicating that
explicitly constraining individual attention heads is
more effective than aligning aggregated attention
outputs and generic MLP states.

METHOD QWEN2.5-7B  LLAMA3.1-8B
HEAD ALIGNMENT 73.61 73.42
ATTENTION-OUTPUT ALIGNMENT 72.67 72.78
MLP-STATE ALIGNMENT 72.92 72.91

Table 4: Comparison with other alignment targets.

5 Conclusion

In this paper, we propose HEAL, a latent head
alignment framework for PTQ LLMs. Motivated

7533



by the observation that block-level reconstruc-
tion can hide per-head quantization errors, we
revisit PTQ calibration from a variational per-
spective and identify the missing latent head-
alignment term in existing reconstruction objec-
tives. HEAL addresses this gap by reformulat-
ing block-level reconstruction calibration as joint
observation-latent calibration with a stop-gradient
head-alignment objective and an efficient stochas-
tic token-window strategy. The experiment results
show that HEAL improves the performance over
block-level reconstruction-based baselines. Our
findings highlight the importance of preserving la-
tent head-level representations.

Limitations

The paper is mainly evaluated on representative
LLMs under standard PTQ settings. Therefore, the
conclusions of this work are primarily supported
by these evaluated model families and quantization
configurations. Its behavior on broader architec-
tures, larger-scale models, longer-context scenarios
remains less extensively explored.
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A Proof of Proposition 1

Let Hlf Z € RB5%dr denote the full-precision rep-
resentation of the h-th attention head in the [-th
Transformer block before the attention output pro-
jection, where B is the batch size, S is the sequence
length, and dj, is the head dimension. The concate-
nated multi-head representation is

Hlfp = Concat (H{?,H{g, . ,Hl]i’]’vh> , (12)

where IV}, is the number of attention heads. The
attention output before subsequent block operations
is

AP =H["W,,. (13)

Similarly, let H;{ ;, denote the quantized head rep-

resentation, and define the head-wise quantization
error as

AHy), = H]} —HJ,.

Since multi-head attention outputs are concate-

nated along the head dimension before the output

projection, the output projection matrix can be par-
titioned according to head subspaces:

(14)

Wo,l = [Wo,l,ly Wo,l,27 o

aWo,l,Nh}T

(15)

Therefore, the attention-output error induced by
head-wise errors can be written as
Np,
AA; =) AH; W, 5.
h=1

(16)

Let G;(-) denote the post-attention operations
within the block, including residual connections,
normalization, and MLP transformations. The full-
precision block output is

zf =g, (Al").

For the quantized block, quantization in the MLP
branch and activation perturbations introduce ad-
ditional errors AZ;nlp. Around the full-precision
forward path, the quantized block output can be
approximated as

(17)

9 ~ Gy (A{P — AA,) —AZMP (1)

Applying a first-order Taylor expansion gives
G (A" = aA) ~ G (A7) - 384, (19)
where

_ 0Gi(A)

Jy=—F——= 20
! A ‘AAlf” (20)

is the local Jacobian of the post-attention transfor-
mation. The final block output error is then

AZ; = 21" — 70 ~ J)AA; + AZMP. (21)
Substituting Eq. (16), we obtain
Np,
mlp
AZy = I3 (AH W) + AZPP. (22)
h=1

Therefore, the block-level reconstruction loss can
be approximated as

Np,
Loce ~ || > 31 (AH ;W 1) + AZHP
h=1 F
(23)
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This expression shows that block-level recon-
struction observes a mixed sum of projected head-
wise errors. To see that cancellation can hide
nonzero head-wise errors, consider a simplified
two-head case withJ; = I, W, ;1 = W, ;o =T,
AZ"™P = 0,AH,;; = E,and AH; 5 = —E. Then

AZ[ =~ AHZJF + AHl,QF = 0, (24)

which yields
Lyec = 0. (25)

However, the accumulated head-wise error remains

large:
2

> IAH,E =2|Ellf.
h=1

(26)

Thus, a small block-level reconstruction loss does
not necessarily imply small per-head quantization
eITors. ]

B Variational Interpretation of HEAL

We analyze the PTQ calibration from a variational
view to further explain why conventional block-
level reconstruction can be insufficient for post-
training quantization calibration. We first denote
the pre-projection attention-head representations as
latent variables by Uj;. The full-precision LLM in-
duces a reference distribution ¢(U;|X;) over these
latent head representations, and the quantized LLM
induces a surrogate distribution pg, (U;|X;), where
0; denotes the calibration-related parameters opti-
mized by the underlying PTQ method for the /-th
block. The marginal likelihood of reconstructing
the full-precision block output can be written as:

log po(Z]?|X;) = log /pe(Z{p, U;|X;)dUy,
27
where X; denotes the input hidden states of the
[-th Transformer block. By applying the reference
distribution ¢(U;|X;) and Jensen’s inequality, we
can obtain the following evidence lower bound:

fp
fr _ p@(zl aUl‘XZ)
log pa(Z;"[X1) _bg/Q(Ulle)iq(Ul\Xl) du;
> E, [logpo (Z{7]U1, X1)] ~ KL ((U1X)llpo(U1[X0))
(28)

The first term of the lower bound corresponds
to the observation-level reconstruction objective,
which encourages the quantized block output to
match the full-precision block output. This is con-
sistent with the conventional block-level recon-
struction loss used in reconstruction-based PTQ

methods. The second term measures the discrep-
ancy between the full-precision and quantized la-
tent head representations. Therefore, optimizing
only the block-level reconstruction objective can
be interpreted as a loose variational relaxation that
ignores the latent head-alignment term.

To obtain a tractable instantiation of the varia-
tional objective, we approximate both the observa-
tion distribution and the latent head representation
distribution with Gaussian distributions (Ahn et al.,
2019; Huang et al., 2024b; Kingma and Welling,
2013). They only provide a convenient approx-
imation under which the corresponding negative
log-likelihood and KL divergence admit closed-
form objectives. At the observation level, we in-
stantiate the conditional surrogate likelihood of the
full-precision block output as a Gaussian centered
at the quantized block output:

po(ZI7|UL X)) = N (z{p; z, agl) . (9)

Then, the negative log-likelihood term can be writ-
ten as:
1

—logpe(Z{"|U,, X)) =
! 20?2

q fp 2
! — 7; HF+CZ,

(30)
which corresponds to the conventional block-level
reconstruction loss. Similarly, for each attention
head, we approximate the full-precision and quan-
tized latent head representations with surrogate
Gaussian distributions sharing a fixed isotropic co-
variance. Their means are parameterized by the
corresponding full-precision and quantized head
representations, respectively:

q(Upn|Xy) =N (Ul,h3Hiza0’}%I> ;3D

po(Uin|Xy) =N (Ul,h5HZh,U%I> . (32

Since these two Gaussian distributions share the
same covariance, their KL divergence reduces to
the squared distance between their means:

2
|1z, - Hff
’ ’ F
20_}% + C}L .
(33)
Therefore, for all attention heads, the latent align-
ment term can be written as:

KL (q(U,|X0)|lpo (Ur,n|X1)) =

Np,

q fp 2
h=1 Hl,h - Hl,h

FicC.
34

KL (q(Ui|Xi) |lpe (U Xs)) =

2
207}

7537



MODEL METHOD ARC-C ARC-E BOOLQ HELLASWAG PIQA WINOGRANDE | AVG
QuAROT 36.26 63.43 69.14 65.45 73.12 60.06 61.24

LLAMA2-7B QUAROT+HEAL 37.20 62.96 71.56 66.53 73.01 61.40 62.11
SPINQUANT 39.33  66.96 69.42 71.70 74.76 66.06 64.71

SPINQUANT+HEAL | 40.44 68.39 69.66 72.11 76.06 64.80 65.24

QUAROT 44.62 71.51 74.43 72.36 76.99 65.51 67.57

LLAMA2-13B QUAROT+HEAL 45.31 7290 77.00 73.00 77.09 67.40 68.78
SPINQUANT 4599 73.40 78.84 74.93 77.45 69.93 70.09

SPINQUANT+HEAL | 46.25 73.57 78.07 75.21 78.56 69.92 70.26

QuUAROT 38.91 66.92 72.35 66.59 74.05 64.56 63.90

LLAMA3.1-8B QUAROT+HEAL 44.37 71.13 76.51 70.36 76.12 67.48 67.66
SPINQUANT 43.69 70.41 78.81 73.93 78.24 63.18 68.04

SPINQUANT+HEAL | 47.44 73.36 76.18 73.65 77.31 68.43 69.40

Table 5: The detailed zero-shot results of combining HEAL under W4 A4 setting.

Then, minimizing the negative form of the lower
bound, we can obtain:

q fp 2
sz -z
F

202

Np,

fp 2
h=1 —-H;;

e
(35)
Absorbing the constant term C' and the variance-
dependent coefficients into a balancing hyperpa-
rameter A, we can obtain the final optimization
objective:

Evar =

s 2 Nn ! 2
L= Hzlq B leHF +>\Z HH?”‘ B Hl’zHF'
h=1
(36)

C Efficiency Analysis

We evaluate the inference efficiency of different
quantization methods and their HEAL-enhanced
variants on LLaMA-2-7B. We report the latency
of these methods with a sequence length of 2048,
a batch size of 64, and 256 decoding steps. As
shown in Table 6, HEAL achieves nearly identi-
cal latency and memory usage compared with the
corresponding QuaRot and FlatQuant baselines,
confirming that the proposed calibration objective
HEAL improves quantization quality without intro-
ducing inference-time overhead and modifying the
inference graph of the underlying PTQ method.

METHOD DECODE SPEEDUP  PREFILL SPEEDUP MEMORY SAVING FACTOR

x1.79
x1.81
x1.66
x1.65

x2.14
x2.13
x2.28
x2.29

x2.15
x2.15
x2.15
x2.15

QuARoOT
QUAROT+HEAL
FLATQUANT
FLATQUANT+HEAL

Table 6: Inference latency and memory usage compared
with the FP16 baseline. x denotes the relative speedup
or memory saving factor over the FP16 baseline.

D Analysis of the Head-wise Alignment
Loss Scale

We report the median ratio across all calibrated
layers at each calibration iteration on Qwen2.5-7B
as shown in Figure 7. The raw head-wise alignment
loss has a much larger numerical scale than the
block-level reconstruction loss, while the weighted
contribution remains moderate after applying Apeaq
and the warmup-ramp coefficient ;. This shows
that the small \,e.q mainly serves to balance the
loss scales.

Loss-scale Analysis of Head-wise Alignment

100 [—8— Raw ratio: LeoalCrec
Weighted ratio: AL e/ rec

Loss Contribution Ratio (log scale)

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14
Calibration Iteration

Figure 7: The loss-scale analysis of head alignment.

E Additional Experimental Results

Detailed zero-shot results of combining HEAL.
Table 5 reports the detailed zero-shot perfor-
mance of combining HEAL with two representative
W4 A4 quantization baselines, QuaRot and Spin-
Quant. Overall, HEAL is used to optimize clipping
ratios and improves the average accuracy across all
evaluated models and baselines. Notably, the im-
provement is particularly significant on LLaMA3.1-
8B, where HEAL enhances QuaRot across all zero-
shot tasks. These results demonstrate that HEAL
is complementary to existing transformation-based
PTQ methods and can further improve the perfor-
mance of these methods.

Detailed zero-shot results of using GPTQ. Ta-
ble 7 reports the detailed zero-shot performance
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MODEL METHOD ARC-C ARC-E BOOLQ HELLASWAG PIQA WINOGRANDE | AVG
QUAROT 42.32  70.58 72.87 72.62 77.75 66.77 67.15
LLAMA2-7B SPINQUANT | 43.00 71.89 73.67 73.65 76.22 65.51 67.32
FLATQUANT | 44.54 73.19 75.90 74.28 77.42 67.40 68.79
OURS 43.94  73.78 75.90 74.10 78.02 70.24 69.33
QUAROT 48.21 74.12 78.35 76.49 78.84 64.26 70.05
LLAMA2-13B SPINQUANT | 48.98 76.01 78.56 77.10 79.27 68.75 71.45
FLATQUANT | 46.84 75.80  78.87 77.71 79.49 70.17 71.48
OURS 48.04 76.68 79.42 77.80 79.22 71.59 72.13
QUARoOT 45.56 74.12 75.17 72.03 75.63 67.38 68.32
LLAMA3.1-SB SPINQUANT | 46.42 74.28 74.53 74.74 78.18 68.75 69.48
FLATQUANT | 50.26  78.07 80.03 77.00 79.98 72.14 72.91
OURS 52.13 79.59 80.06 76.46 79.54 72.45 73.37
QUARoOT 44.03  69.32 76.45 72.19 76.01 65.11 67.19
SPINQUANT | 49.23  77.69 81.53 77.46 77.09 65.82 71.47
QWEN2.5-7B
FLATQUANT | 49.23 76.81 83.94 76.28 78.56 71.27 72.68
OURS 52.65 78.58 83.82 76.67 78.29 70.64 73.44
QUAROT 51.11  74.71 77.71 77.25 79.54 69.93 71.71
QWEN2.5-14B SPINQUANT | 55.20 79.97 80.52 77.93 78.56 69.53 73.62
FLATQUANT | 57.94 80.77 84.16 81.27 81.50 75.16 76.80
OURS 58.02 81.06 84.13 81.50 80.96 75.53 76.87
QUAROT 52.13 79.42 85.57 79.92 79.76 70.80 74.60
QWEN2.5-32B SPINQUANT | 51.37 75.42 83.06 80.85 81.12 70.32 73.69
FLATQUANT | 57.68 80.35 87.58 83.14 81.72 74.59 77.51
OURS 57.94 80.13 87.46 83.29 81.77 75.45 77.67

Table 7: The detailed zero-shot results of using GPTQ quantizer under W4A4 setting. Bold results highlight the

best performance.

of different GPTQ-based quantization methods un-
der the W4A4 setting. Compared with QuaRot,
SpinQuant and FlatQuant, our method consistently
improves the average zero-shot accuracy on all eval-
uvated LLMs. Moreover, our method achieves the
best average performance and obtains the best or
tied-best results on most zero-shot tasks.

Few-shot results of different methods. Beyond
zero-shot evaluation, we also assess the few-shot(5-
shot) performance of our method on Qwen2.5-7B.
As shown in Table 8, our method consistently out-
performs FlatQuant on ReCoRD, SociallQA, Com-
monsenseQA, and MMLU. These results demon-
strate that our approach generalizes well beyond
zero-shot settings and effectively preserves down-
stream reasoning and knowledge capabilities.

METHOD RECORD SocCIALIQA COMMONSENSEQA MMLU

55.42
56.70

FLATQUANT 83.01
OURS 86.30

80.84
83.37

69.69
72.03

Table 8: The few-shot results of different methods.

Different surrogate distributions. Our formula-
tion does not assume that attention-head represen-
tations truly follow a Gaussian distribution. The

Gaussian surrogate is introduced solely to instan-
tiate the latent alignment term as an optimizable
squared Frobenius-norm loss. To further exam-
ine whether the effectiveness of HEAL depends
on this particular Frobenius-norm-based formula-
tion, we also consider more robust alternative align-
ment objectives, including an ¢; loss motivated by
the Laplace surrogate and a Huber loss based on
a Huber-type robust surrogate. We report the re-
sults with these different alignment objectives are
reported in Table 9.

Compare with another PTQ enhancement
method. We compare HEAL with another PTQ
enhancement method, GuidedQuant, when both
are integrated with SpinQuant under the W4A4
setting in Table 10. HEAL achieves higher aver-
age zero-shot accuracy on both LLaMA?2-7B and
LLaMAZ2-13B. These results show that HEAL is
compatible with existing PTQ pipelines and pro-
vides competitive calibration enhancement.
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MODEL SURROGATE DISTRIBUTION | WIKITEXT2 | ARC-C  ARC-E BOOLQ HELLASWAG PIQA WINOGRANDE | AVG
LAPLACE 6.96 50.60 78.70 80.21 76.59 79.11 70.56 72.63
LLAMA3.1-8B HUBER-TYPE 6.96 50.43 78.58 80.24 76.71 80.20 72.14 73.05
GAUSSIAN 6.94 52.13 78.16 80.70 76.97 80.20 72.38 73.42
LAPLACE 7.28 51.45 76.94 84.04 77.30 79.54 71.27 73.42
QWEN2.5-7B HUBER-TYPE 7.30 53.50 78.11 84.50 77.24 78.29 70.56 73.70
GAUSSIAN 7.29 52.22  78.96 83.85 77.38 79.00 70.24 73.61
Table 9: The PPL and zero-shot results of using different surrogate distributions.

MODEL METHOD ARC-C ARC-E BOOLQ HELLASWAG PIQA WINOGRANDE | AVG
SPINQUANT+GUIDEDQUANT | 39.82 65.34  72.75 71.14 75.79 65.04 64.98

LLAMA2-7B QUANT+ Q
SPINQUANT+HEAL 40.44 68.39 69.66 72.11 76.06 64.80 65.24
SPINQUANT+GUIDEDQUANT | 46.84 74.75 77.28 74.27 79.05 68.98 70.20

LLAMA2-13B QUANT+ Q
SPINQUANT+HEAL 46.25 73.57 78.07 75.21 78.56 69.92 70.26

Table 10: The detailed zero-shot results of another PTQ enhancement method under W4A4 setting.
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