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Abstract

In this work, we propose Gradient-Projected
Fisher Approximation for Quantization (GPFA-
Q), a block reconstruction-based PTQ framework
that avoids explicit curvature matrix construction
while capturing off-diagonal interactions. First,
we introduce Gradient-Projected Reconstruction
(GPR), which reformulates the Fisher quadratic
objective as gradient projections, enabling im-
plicit modeling of cross-dimensional interactions.
To further support GPR, we integrate Soft Grid
Rounding (SGR), which reduces the mismatch
between continuous reconstruction and discrete
inference, ensuring that gradient projections re-
main consistent with the quantized model. Exten-
sive experiments demonstrate that our GPFA-Q
achieves the state-of-the-art performance in low-
bit quantization across diverse vision tasks.

1. Introduction

Vision Transformers (ViTs) have emerged as a backbone
in computer vision by achieving competitive performance
across various tasks (Dosovitskiy et al., 2021; Carion et al.,
2020; Strudel et al., 2021), powered by large-scale pretrain-
ing and the self-attention mechanism. However, the sub-
stantial number of parameters and the computational over-
head of ViTs pose significant challenges for deployment on
resource-constrained edge devices. To address this issue,
various model compression techniques have been explored
to reduce model complexity while maintaining performance.
These compression techniques include model quantization
(Nagel et al., 2021; Gholami et al., 2022; Wu et al., 2020;
Fu et al., 2025), pruning (Han et al., 2015; Yu et al., 2022;
Zhang et al., 2025), knowledge distillation (Hinton et al.,
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2015; Wang et al., 2021; Gou et al., 2021), and lightweight
architecture design (Vasu et al., 2023; Howard et al., 2017).

Among these approaches, model quantization is one of the
most effective approaches to significantly reduce the mem-
ory footprint and computational cost by mapping floating-
point values to low-bit integers. Quantization is typically
categorized into quantization-aware training (QAT) (Esser
et al., 2019; Bhalgat et al., 2020; Choi et al., 2018) and
post-training quantization (PTQ) (Nagel et al., 2020; Lin
et al., 2022; Yuan et al., 2022; Wu et al., 2025b;a; Zhong
etal., 2024; Li et al., 2023; Li, Y. et al., 2021; Wei, X. et al.,
2022; Jiang et al., 2025). QAT retrains the model using the
full training dataset, which achieves higher accuracy, but
suffers from substantial training costs and requires the orig-
inal data. In contrast, PTQ seeks quantization parameters
using a small unlabeled calibration set without additional
training, making it widely preferred, as it is faster and less
computationally demanding. To reduce the quantization
error of PTQ methods, reconstruction-based methods (Li, Y.
etal., 2021; Wei, X. et al., 2022) have been proposed. These
methods minimize block-wise output discrepancy, enabling
low-bit quantization to achieve performance comparable to
the full-precision models.

In particular, Hessian-guided metrics (Wu et al., 2025b;a;
Li, Y. et al., 2021; Wei, X. et al., 2022) have been com-
monly used to measure the output discrepancy in block
reconstruction-based PTQ. Since computing the exact Hes-
sian matrix is computationally expensive, prior works rely
on approximations based on the Fisher Information Matrix
(FIM), which is commonly approximated using gradient
outer products. A key design aspect in FIM-based PTQ
methods is how to approximate the structure of the FIM.
BRECQ (Li, Y. et al., 2021) employs a diagonal approxima-
tion, which FIMA-Q (Wu et al., 2025a) extends through a
diagonal plus low-rank (DPLR) method to partially capture
interactions. An accurate estimation of the FIM is important
for reconstruction-based PTQ, as it captures the complex
output correlations needed to correctly guide weight opti-
mization across varying token and channel sensitivities. In
low-bit settings, these cross-dimensional interactions be-
come increasingly important. However, existing approxima-
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Figure 1. Visual comparison of FIM approximations on Block 11
of DeiT-Base under 3-bit quantization. The diagonal FIM discards
off-diagonal correlations entirely, while the DPLR-FIM recovers
part of this structure. Our method shows the highest similarity to
the exact FIM, particularly in the off-diagonal elements. A 16 x 16
sub-matrix is shown for visual clarity. We show the full matrices
in Section H of the appendix.

tion methods introduce structural constraints for practical
computation that severely limit correlation modeling. As
shown in Figure 1, diagonal approximations completely
ignore off-diagonal interactions. While the DPLR-FIM par-
tially recovers them, its reliance on explicit matrix inversion
may introduce numerical instability, which results in the
approximation still deviating from the exact FIM.

To address these limitations, we propose Gradient-Projected
Fisher Approximation for Quantization (GPFA-Q), a PTQ
framework that models off-diagonal curvature interactions
without explicit matrix construction. Instead of explic-
itly forming curvature matrices, we introduce Gradient-
Projected Reconstruction (GPR), which projects block-wise
quantization errors onto the task loss gradient subspace.
This projection captures cross-dimensional, off-diagonal in-
teractions by measuring reconstruction errors along gradient
directions, where each projection represents interactions
across multiple output dimensions and combines them with-
out explicit curvature modeling. As a result, GPR provides
a closer approximation to the underlying Fisher structure
and yields a more effective reconstruction objective, as illus-
trated in Figure 1. To complement GPR, we incorporate Soft
Grid Rounding (SGR), which mitigates the mismatch be-
tween continuous optimization and discrete inference. SGR
evaluates reconstruction on the discrete quantization grid
while preserving gradient flow via the Straight-Through Es-

timator (STE), ensuring that the gradient-projected objective
remains consistent with the quantized model. Combined
with the accurate curvature modeling of GPR, this leads to a
highly effective reconstruction framework that significantly
improves low-bit quantization performance for ViTs. Our
main contributions are summarized as follows:

* We analyze block reconstruction-based PTQ from
a curvature modeling perspective and show that ex-
plicit curvature approximations fail to capture cross-
dimensional interactions across different feature dimen-
sions, especially in low-bit settings.

* We propose GPFA-Q, a novel PTQ framework based
on Gradient-Projected Fisher Approximation. For
this, we introduce GPR, which reformulates the Fisher
quadratic objective as gradient projections to implicitly
model cross-dimensional interactions without explicit
matrix construction or inversion. To support GPR, we
incorporate SGR to mitigate the mismatch between
continuous optimization and discrete model inference.

* We conduct extensive experiments across diverse vi-
sion tasks and ViT-based architectures. Experimental
results demonstrate that GPFA-Q achieves state-of-the-
art performance in low-bit quantization.

2. Method

In this section, we present our Gradient-Projected Fisher
Approximation for Quantization (GPFA-Q) that models
cross-dimensional interactions through gradient projections
without explicit curvature construction. To motivate our ap-
proach, we first analyze the role of off-diagonal interactions
in reconstruction-based PTQ in Section 2.1. We show that
existing curvature-based methods struggle to capture off-
diagonal interactions. Based on this analysis, Section 2.2
introduces GPFA-Q, which integrates Gradient-Projected
Reconstruction (GPR) and Soft Grid Rounding (SGR) to
enable stable low-bit reconstruction without explicit ma-
trix inversion. For clarity, we provide the formulations of
uniform quantization and block reconstruction used in our
method in Appendix B.

2.1. Analysis of Off-Diagonal Modeling

Reconstruction-based PTQ minimizes the discrepancy be-
tween the full-precision block output and the quantized
output. The effectiveness of reconstruction depends on the
modeling of the curvature matrix, which determines the
sensitivity to quantization perturbations. We first analyze
when diagonal curvature is sufficient and when off-diagonal
interactions become essential. Then, we show that existing
explicit off-diagonal constructions can suffer from numeri-
cal instability.
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Figure 2. Analysis of diagonal and off-diagonal curvature modeling in block reconstruction. (a) Top-1 accuracy under diagonal-only
reconstruction on ViT-Small (S), DeiT-Tiny (T), and DeiT-Small (S) across different bit-widths. (b) Ratio of off-diagonal to diagonal
terms on ViT-S, DeiT-T, and DeiT-S at 3-bit and 8-bit. Off-diagonal terms have a substantially larger relative impact under low-bit
quantization. (c¢) Per-block condition number x(Ga) at the end of 3-bit reconstruction on DeiT-S across transformer blocks. FIMA-Q

shows substantially larger variation across blocks than GPFA-Q.

Effect of Bit-Width on Diagonal and Off-Diagonal Terms.
We analyze the performance of diagonal curvature approxi-
mation across different bit-widths. Figure 2(a) shows that
reconstruction-based diagonal curvature preserves most of
the full-precision accuracy at 6-bit and 8-bit, but degrades
substantially at 3-bit and 4-bit. This trend suggests that
diagonal curvature provides a reasonable approximation
when quantization perturbations are small, but becomes less
effective in low-bit settings. To explain this observation,
let z € RP denote the full-precision block output, where
D is the block-output dimension. The quantized output
is denoted by z = z + Az, where Az is the quantization
perturbation. Under a second-order approximation, the re-
construction objective can be approximated as:

L(z+ Az) ~ L(z) + %AZTFAZ, (1)
where F € RP*P denotes a Fisher-based curvature approx-
imation to the local curvature matrix. The quadratic form
can be decomposed as:

Z Fij AZl AZJ',
i#]

Az'F Az = Z F;; Azi2 + )

where the first term is the diagonal component and the sec-
ond term captures cross-dimensional interactions. This de-
composition indicates that the expected impact of the off-
diagonal term depends not only on the curvature coefficients
F’;;, but also on the correlation structure of the perturbations,
as reflected in E[Az; Az;]. When perturbations across dif-
ferent output dimensions are weakly correlated, which often
occurs in high-bit quantization with small quantization steps,
E[Az; Az;] tends to be small for ¢ # 7, and the diagonal
term remains a useful approximation.

In contrast, under low-bit quantization, the larger quan-
tization step size can lead to more structured perturba-
tions. Because ViT activations exhibit dependencies across

spatial and channel dimensions, partly induced by self-
attention, low-bit quantization perturbations may inherit
this structure, making E[Az; Az;] non-negligible across
multiple pairs (7, j). Since the off-diagonal sum contains
D(D—-1) cross-dimensional pairs, even moderate correla-
tions can accumulate and have a noticeable impact on the
quadratic form. Under approximately zero-mean perturba-
tions, E[Az; Az;] can be approximated by Cov(Az;, Az;).
Let Cov(Az) € RP*P denote the empirical covariance
matrix of the block-output quantization error estimated over
calibration samples, and define the aggregate off-diagonal
ratio as:

_ ﬁ Zz’;ﬁj [Cov(Az)]:;]
B 2ilCov(Az)]y;

which compares the average magnitude of cross-
dimensional error covariances with per-dimension variances
across transformer blocks. Figure 2(b) supports this interpre-
tation, showing that p is consistently and substantially larger
at 3-bit than at 8-bit across evaluated models. These results
suggest that aggressive quantization significantly increases
such correlations, increasing the importance of off-diagonal
terms. Together with the accuracy trend in Figure 2(a), these
observations indicate that low-bit reconstruction benefits
from objectives that account for cross-dimensional interac-
tions. A formal analysis is provided in Section C of the
appendix.

3

Numerical Instability of Explicit Curvature Construc-
tion. FIMA-Q (Wu et al., 2025a) adopts DPLR FIM ap-
proximation, where the low-rank component is used to cap-
ture additional off-diagonal interactions. Let AZ € R**P
denote the displacement matrix. Its rows consist of k dis-
placement vectors collected during reconstruction. The
low-rank formulation relies on the Gram matrix

Gar=AZAZT, 4)
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Figure 3. Overview of the GPFA-Q framework. Given full-precision and quantized block outputs, GPR projects the block-output
quantization error Az onto sampled task-loss gradients G, producing G Az. This projection implicitly models off-diagonal Fisher
interactions without explicit curvature construction. It is combined with a diagonal term and SGR to form the GPFA-Q objective. SGR
evaluates reconstruction using discretized outputs while propagating gradients through soft representations, reducing the mismatch
between continuous optimization and discrete inference. For clarity, the projection is illustrated for a single vector at the block output.

whose inversion is required for the low-rank correction. This
inversion is sensitive to the conditioning of G . Each dis-
placement vector captures the residual quantization error at
a given stage of block reconstruction. As block reconstruc-
tion reduces this error, successive displacement vectors can
become increasingly aligned while shrinking in magnitude.
This alignment causes the rows of AZ to become nearly
collinear, thereby reducing its effective rank and decreasing
its smallest singular value. As a result, the Gram matrix
G becomes increasingly ill-conditioned, with condition
number

k(Ga) = K(AZ)?. o)

This makes its inverse highly sensitive to perturbations,
leading to numerically unstable curvature estimation. Fig-
ure 2(c) empirically supports this analysis. The per-block
condition numbers k(Ga) in FIMA-Q vary significantly
across transformer blocks, indicating inconsistent numeri-
cal stability. Such variability leads to unreliable curvature
modeling, especially in later reconstruction stages where
the displacement matrix becomes nearly degenerate. Block
reconstruction requires capturing off-diagonal interactions,
but explicit low-rank construction based on matrix inversion
can suffer from numerical instability. A detailed analysis is
provided in Section D of the appendix.

2.2. Post-Training Quantization with
Gradient-Projected Fisher Approximation

Based on the analysis in Section 2.1, we propose GPFA-Q,
which addresses this challenge by capturing off-diagonal

interactions through gradient projections without explicit
curvature construction, as illustrated in Figure 3.

Gradient-Projected Reconstruction (GPR). The pro-
posed GPR is motivated by the empirical FIM, approxi-
mated using sampled task-loss gradients:

1 &
_ o]
F = E;gjgj, ©)

where g; = VL, denotes the gradient of the KL di-
vergence between the final logits of the full-precision and
quantized models, backpropagated to the block output. Un-
der this formulation, the Fisher-weighted reconstruction
objective can be written as:

B
1 T
L¥isher = B Z Az; FAz;, @)

=1

where B denotes the batch size used for block reconstruc-
tion. Expanding the quadratic form

N
1 D
Az[FAz; = <> Azl gjg] Az, ®)
s =1
which yields
1 B 1
Lrisher = ﬁ Z 4 (g;rAZi)Q = ﬁ”GSAZ;ﬁch”%’

j=1i=1

C))
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Table 1. Comparison of the top-1 accuracy (%) across various ViTs on ImageNet (Russakovsky et al., 2015). Rec. indicates whether
reconstruction is used. “W/A” indicates that the bit-width of the weight and activation are W and A bits, respectively. “*” indicates the

results are reproduced by using the official code.

Method Rec. W/A VIiT-S ViT-B DeiT-T DeiT-S DeiT-B Swin-S Swin-B
Full-Precision - 32/32 8139 8454 7221 79.85 81.80  83.23 85.27
PTQ4ViT (Yuan et al., 2022) X 3/3 0.10 0.10 3.50 0.10 31.06  28.69 20.13
RepQ-ViT (Li et al., 2023) X 3/3 0.10 0.10 0.10 0.10 0.10 0.10 0.10
AdaLog (Wu et al., 2024) X 3/3 13.88 3791 31.56 2447 5747  64.41 69.75
1&S-ViT (Zhong et al., 2025) v 3/3 4516 63.77 41.52 5578 7330  74.20 69.30
DopQ-ViT (Yang et al., 2024) v 3/3 5472 6576 44.71 5926 7491 74.77 69.63
AIQVIT (Jiang et al., 2025) v 3/3 4132 43.68 38.51 55.36  66.15 71.42 63.01
QDrop* (Wei, X. et al., 2022) v 3/3  41.61 7533 48.03 3727 7385 7453 76.57
APHQ-ViT* (Wu et al., 2025b) v 3/3  63.81 7625 5557 68.61 76.15  76.01 78.01
FIMA-Q* (Wu et al., 2025a) v 3/3  63.17 77.18 55.81 69.34 7638  76.68 78.75
Ours v 3/3 64.68 77.79 56.92 7026 7697 77.74 < 79.77
PTQ4ViT (Yuan et al., 2022) X 4/4 4257 30.69 36.96 3408 6439 76.09 74.02
RepQ-ViT (Li et al., 2023) X 4/4  65.05 6848 57.43 69.03 75.61 79.45 78.32
AdaLog (Wu et al., 2024) X 4/4 7275 79.68  63.52 72.06  78.03 80.77 82.47
1&S-ViT (Zhong et al., 2025) v 4/4  74.87 80.07 65.21 75.81  79.97 81.17 82.60
DopQ-ViT (Yang et al., 2024) v 4/4  75.69 8095 65.54 75.84  80.13 81.71 83.34
AIQVIT (Jiang et al., 2025) v 4/4  70.63 74.15 62.33 7275 79.19  80.93 81.22
QDrop* (Wei, X. et al., 2022) v 4/4  71.80 82.80 65.42 72.58 79.94  80.41 82.23
APHQ-ViT* (Wu et al., 2025b) v 4/4 7631 8244  66.53 7649  80.10  81.50 83.26
FIMA-Q* (Wu et al., 2025a) v 4/4  76.27 82.81 66.90 76.76  80.29  81.68 83.47
Ours v 4/4  76.67 83.16 67.34 7693 80.36 82.07 83.81

where AZpye, € RPXP collects the quantization errors
Az; astows, and G4 € RV %P collects the gradient vectors.
This formulation shows that the Fisher quadratic form can
be computed through gradient projections without explicitly
constructing the Fisher matrix. Each projection ngAzi
measures the reconstruction error along directions defined
by the task-loss gradients, coupling errors across dimensions
and thereby capturing off-diagonal interactions in the Fisher
structure, which can be decomposed as:

(8] Az:)* =D g2z + > gingiaAzipAziq, (10)
d p#q

where the first term reflects per-dimension sensitivity, while
the second term explicitly couples perturbations across dif-
ferent output dimensions (p # q). Therefore, GPR implic-
itly preserves cross-dimensional interaction terms without
explicit construction of F. When the quantization error is
weakly aligned with the gradient direction, the projection
magnitude is small, leading to a smaller penalty. In contrast,
errors aligned with task-sensitive directions produce larger
projections and incur a stronger penalty. GPR emphasizes
coherent cross-dimensional error patterns while attenuating
misaligned perturbations, thereby avoiding explicit curva-
ture matrix construction and inversion.

To reduce reconstruction cost, we approximate the projec-
tion using a subset of gradients. Let G, € R**P denote
a sampled gradient matrix, where v denotes the number of

sampled gradients. The projection-based objective becomes:

1
Lgpr = @“GaAZl;tchH%” (I

Soft Grid Rounding (SGR). While our GPR optimizes
reconstruction using soft-rounded outputs, inference is per-
formed with discretely rounded weights, resulting in a mis-
match between optimization and deployment. In conven-
tional block reconstruction (Li, Y. et al., 2021; Wei, X. et al.,
2022), the reconstruction loss is evaluated on soft-rounded
outputs while using STE only for gradient propagation. As
a result, the optimized objective may not accurately reflect
the output of the discretized model. To better align GPR
with discrete inference, we introduce Soft Grid Rounding
(SGR), which uses hard-rounded outputs in the forward pass
and soft representations for gradient propagation:
Zste _ Zsoft + Sg(Zhard . Zsoft)7 (12)

where sg(-) denotes the stop-gradient operator, which blocks
gradient flow in the backward pass. Under this formulation,
the reconstruction error in GPR is evaluated as
AZSte — Zste 7 Z, (13)

which reflects the discrepancy between discretized outputs
and full-precision outputs in the forward pass, while propa-
gating gradients through soft representations. Let AZ3t¢ |
denote the matrix of these evaluated errors. The SGR term
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Table 2. Ablation study of the proposed GPFA-Q across various ViTs on ImageNet (Russakovsky et al., 2015), reporting the top-1
accuracy (%). Baseline indicates only a diagonal approximation of the Fisher matrix.

W/A Method ViT-S ViT-B DeiT-T DeiT-S DeiT-B Swin-S Swin-B

Baseline 4426 7572 51.63 53.13 7442 7477 76.83

3/3 + GPR 63.99 77.38 56.53 69.80 76.46 77.57 79.54

+ SGR (GPFA-Q) 64.68 77.79 5692 7026 7697 77.74 79.77

Baseline 72.63 82.67 6595 74.02 80.12 81.27  83.07

4/4 + GPR 7648 8297 67.18 76.79 80.30 81.86  83.75

+ SGR (GPFA-Q) 76.67 83.16 67.34 7693 8036 82.07 83.81
shares the same projection basis as GPR: and outperforms all compared methods. In the more chal-
] lenging 3-bit quantization, the performance gap becomes
Lsgr = EHGO‘ Azggfch % (14) larger. This trend is consistently observed across differ-

which aligns the gradient-projected objective with the dis-
crete inference process.

Overall GPFA-Q Framework. The GPFA-Q framework
integrates GPR with SGR as shown in Figure 3. GPR cap-
tures cross-dimensional interactions through gradient projec-
tions, while SGR improves consistency between optimiza-
tion and inference by aligning the forward computation with
discrete rounding. To complement the projection term with
explicit per-dimension sensitivity, we introduce a diagonal
prior based on gradient second moments:

f=E[gogl (15)

Based on this statistic, the diagonal prior term is defined as:

B
1 .
Lpiag = 3 Zl Az;-r diag(f)Az;. (16)
The final GPFA-Q objective is then given by
Loprra = Lepr + Lbiag + A(t)Lsar, (17)

where A(t) increases linearly from 0 to Ay, after a warmup
phase, gradually encouraging alignment with discrete infer-
ence behavior. The overall GPFA-Q framework pipeline is
summarized in Algorithm 1 in the appendix.

3. Experiments
3.1. Experimental Results

We evaluate top-1 accuracy across various ViTs on Ima-
geNet (Russakovsky et al., 2015) under 3-bit and 4-bit quan-
tization in Table 1. We compare with recent PTQ meth-
ods including APHQ-ViT (Wu et al., 2025b) and FIMA-
Q (Wu et al., 2025a). Overall, our method consistently
achieves the best performance across architectures and bit-
widths. In 4-bit quantization, it maintains strong accuracy

ent architectures, indicating the robustness of our method.
Notably, our method improves over FIMA-Q and APHQ-
ViT on DeiT-T, achieving 56.92 compared to 55.81 and
55.57, respectively, demonstrating its effectiveness in low-
bit quantization. These results highlight that capturing cross-
dimensional interactions while maintaining numerical sta-
bility is essential for reconstruction-based PTQ, and that the
proposed method effectively addresses these challenges.

3.2. Ablation Study

We examine the effect of GPR and SGR under 3-bit and
4-bit quantization in Table 2. We use a baseline that relies on
a diagonal approximation of the Fisher matrix. Incorporat-
ing GPR results in substantial performance improvements,
highlighting the importance of modeling cross-dimensional
interactions for accurate reconstruction. Adding SGR to
GPR yields consistent further improvements. While the
gains are smaller compared to those from GPR, they demon-
strate the benefit of improving optimization consistency
with respect to discrete quantization. These results demon-
strate that GPR provides the primary performance gains,
while SGR offers complementary improvements, with the
combined framework achieving the highest accuracy.

4. Conclusion

In this paper, we investigated reconstruction-based PTQ
from a curvature modeling perspective and showed that ac-
curate modeling of off-diagonal interactions is critical in
low-bit quantization. We proposed GPFA-Q, which captures
informative cross-dimensional interactions through gradi-
ent projections without explicit curvature matrix construc-
tion or inversion. The proposed GPR provides an effective
surrogate objective for modeling off-diagonal interactions,
while SGR improves consistency between reconstruction
optimization and discrete inference. Extensive experiments
across diverse ViTs demonstrate that GPFA-Q outperforms
state-of-the-art PTQ methods under low-bit settings.



Submission and Formatting Instructions for ICML 2026

Acknowledgements

This work was supported by Samsung Electronics Co.,
Ltd(I0251218-14799-01, 34%) and the IITP(Institute of
In formation & Communications Technology Planning &
Evaluation)-ITRC(Information Technology Research Cen-
ter) grant funded by the Korea government (Ministry of Sci-
ence and ICT) (IITP-2026-RS-2023-00260091, 33%) and
the Institute of Information & Communications Technology
Planning & Evaluation(IITP) grant funded by the Korea
government(MSIT) (No.RS-2025-02263706, Development
of an analog-digital mixed ultra-low power neuromorphic
edge SoC, 33%).

Impact Statement

This work aims to improve the efficiency of large-
scale Vision Transformers through post-training quantiza-
tion, enabling more practical deployment under resource-
constrained environments. By reducing the memory foot-
print and computational costs without retraining, our method
can facilitate broader accessibility of deep learning models
in real-world applications.

The potential societal impact of this work is generally
aligned with existing research in model compression and ef-
ficient deep learning. While improved efficiency may enable
wider deployment of machine learning systems, including in
sensitive applications, the method itself does not introduce
new application-specific risks. We do not foresee any direct
ethical concerns uniquely arising from this work beyond
those already associated with the deployment of machine
learning models.

References

Bhalgat, Y., Lee, J., Nagel, M., Blankevoort, T., and Kwak,
N. Lsg+: Improving low-bit quantization through learn-
able offsets and better initialization. In Proceedings of the
IEEE/CVF conference on computer vision and pattern
recognition workshops, pp. 696—697, 2020.

Cai, Z. and Vasconcelos, N. Cascade r-cnn: Delving into
high quality object detection. In Proceedings of the IEEE
conference on computer vision and pattern recognition,

pp. 6154-6162, 2018.

Carion, N., Massa, F., Synnaeve, G., Usunier, N., Kirillov,
A., and Zagoruyko, S. End-to-end object detection with
transformers. In European conference on computer vision,
pp. 213-229. Springer, 2020.

Chen, K., Wang, J., Pang, J., Cao, Y., Xiong, Y., Li, X,,
Sun, S., Feng, W, Liu, Z., Xu, J., et al. Mmdetection:
Open mmlab detection toolbox and benchmark. arxiv
2019. arXiv preprint arXiv:1906.07155, 5, 1906.

Choi, J., Wang, Z., Venkataramani, S., Chuang, P. I.-J., Srini-
vasan, V., and Gopalakrishnan, K. Pact: Parameterized
clipping activation for quantized neural networks. arXiv
preprint arXiv:1805.06085, 2018.

Dosovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn,
D., Zhai, X., Unterthiner, T., Dehghani, M., Minderer,
M., Heigold, G., Gelly, S., Uszkoreit, J., and Houlsby,
N. An image is worth 16x16 words: Transformers for
image recognition at scale. In International Conference
on Learning Representations, 2021.

Esser, S. K., McKinstry, J. L., Bablani, D., Appuswamy, R.,
and Modha, D. S. Learned step size quantization. arXiv
preprint arXiv:1902.08153, 2019.

Fu, M., Yu, H., Shao, J., Zhou, J., Zhu, K., and Wu, J. Quan-
tization without tears. In Proceedings of the Computer
Vision and Pattern Recognition Conference, pp. 4462—
4472, 2025.

Gholami, A., Kim, S., Dong, Z., Yao, Z., Mahoney, M. W.,
and Keutzer, K. A survey of quantization methods for ef-
ficient neural network inference. In Low-power computer
vision, pp. 291-326. Chapman and Hall/CRC, 2022.

Gou, J., Yu, B., Maybank, S. J., and Tao, D. Knowledge
distillation: A survey. International journal of computer
vision, 129(6):1789-1819, 2021.

Han, S., Mao, H., and Dally, W. J. Deep compres-
sion: Compressing deep neural networks with pruning,
trained quantization and huffman coding. arXiv preprint
arXiv:1510.00149, 2015.

He, K., Gkioxari, G., Dollar, P., and Girshick, R. Mask r-
cnn. In Proceedings of the IEEE international conference
on computer vision, pp. 2961-2969, 2017.

Hinton, G., Vinyals, O., and Dean, J. Distilling
the knowledge in a neural network. arXiv preprint
arXiv:1503.02531, 2015.

Howard, A. G., Zhu, M., Chen, B., Kalenichenko, D., Wang,
W., Weyand, T., Andreetto, M., and Adam, H. Mobilenets:
Efficient convolutional neural networks for mobile vision
applications. arXiv preprint arXiv:1704.04861, 2017.

Jiang, R., Zhang, Y., Wang, L., Yu, P., and Guo, Y. Aiqvit:
Architecture-informed post-training quantization for vi-
sion transformers. In Proceedings of the AAAI Conference
on Artificial Intelligence, volume 39, pp. 17635-17643,
2025.

Li, Z., Xiao, J., Yang, L., and Gu, Q. Repg-vit: Scale repa-
rameterization for post-training quantization of vision
transformers. In Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision, pp. 17227-17236,
2023.



Submission and Formatting Instructions for ICML 2026

Li, Y., Gong, R., Tan, X., Yang, Y., Hu, P, Zhang, Q., Yu,
F., Wang, W., and Gu, S. Brecq: Pushing the limit of
post-training quantization by block reconstruction. arXiv
preprint arXiv:2102.05426, 2021.

Lin, T.-Y., Maire, M., Belongie, S., Hays, J., Perona, P., Ra-
manan, D., Dollér, P., and Zitnick, C. L. Microsoft coco:
Common objects in context. In European conference on
computer vision, pp. 740-755. Springer, 2014.

Lin, Y., Zhang, T., Sun, P., Li, Z., and Zhou, S. Fg-vit:
Post-training quantization for fully quantized vision trans-
former. In Proceedings of the Thirty-First International
Joint Conference on Artificial Intelligence, IJCAI-22, pp.
1173-1179, 2022.

Liu, Z., Lin, Y., Cao, Y., Hu, H., Wei, Y., Zhang, Z., Lin,
S., and Guo, B. Swin transformer: Hierarchical vision
transformer using shifted windows. In Proceedings of the

IEEE/CVF International Conference on Computer Vision
(ICCV), 2021.

Nagel, M., Amjad, R. A., Van Baalen, M., Louizos, C.,
and Blankevoort, T. Up or down? adaptive rounding for
post-training quantization. In International conference
on machine learning, pp. 7197-7206. PMLR, 2020.

Nagel, M., Fournarakis, M., Amjad, R. A., Bondarenko,
Y., Van Baalen, M., and Blankevoort, T. A white pa-
per on neural network quantization. arXiv preprint
arXiv:2106.08295, 2021.

Russakovsky, O., Deng, J., Su, H., Krause, J., Satheesh, S.,
Ma, S., Huang, Z., Karpathy, A., Khosla, A., Bernstein,
M., et al. Imagenet large scale visual recognition chal-
lenge. International journal of computer vision, 115(3):
211-252, 2015.

Strudel, R., Garcia, R., Laptev, 1., and Schmid, C. Seg-
menter: Transformer for semantic segmentation. In Pro-
ceedings of the IEEE/CVF international conference on
computer vision, pp. 7262-7272, 2021.

Touvron, H., Cord, M., Douze, M., Massa, F., Sablayrolles,
A., and Jegou, H. Training data-efficient image transform-
ers & distillation through attention. In International Con-
ference on Machine Learning, volume 139, pp. 10347—
10357, July 2021.

Vasu, P. K. A., Gabriel, J., Zhu, J., Tuzel, O., and Ranjan, A.
Fastvit: A fast hybrid vision transformer using structural
reparameterization. In Proceedings of the IEEE/CVF
international conference on computer vision, pp. 5785—
5795, 2023.

Wang, G.-H., Ge, Y., and Wu, J. Distilling knowledge
by mimicking features. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 44(11):8183-8195,
2021.

Wei, X., Gong, R., Li, Y., Liu, X., and Yu, F. Qdrop: Ran-
domly dropping quantization for extremely low-bit post-
training quantization. arXiv preprint arXiv:2203.05740,
2022.

Wu, H., Judd, P, Zhang, X., Isaev, M., and Micikevi-
cius, P. Integer quantization for deep learning infer-
ence: Principles and empirical evaluation. arXiv preprint
arXiv:2004.09602, 2020.

Wu, Z., Chen, J., Zhong, H., Huang, D., and Wang, Y. Ada-
log: Post-training quantization for vision transformers
with adaptive logarithm quantizer. In European Confer-
ence on Computer Vision, pp. 411-427. Springer, 2024.

Wu, Z., Wang, S., Zhang, J., Chen, J., and Wang, Y. Fima-
q: Post-training quantization for vision transformers by
fisher information matrix approximation. In Proceedings

of the Computer Vision and Pattern Recognition Confer-
ence, pp. 14891-14900, 2025a.

Wu, Z., Zhang, J., Chen, J., Guo, J., Huang, D., and Wang,
Y. Aphg-vit: Post-training quantization with average
perturbation hessian based reconstruction for vision trans-
formers. In Proceedings of the Computer Vision and
Pattern Recognition Conference, pp. 96869695, 2025b.

Yang, L., Gong, H., Lin, H., Wu, Y., Sun, Z., and Gu,
Q. Dopq-vit: Towards distribution-friendly and outlier-
aware post-training quantization for vision transformers.
arXiv preprint arXiv:2408.03291, 2024.

Yu, F., Huang, K., Wang, M., Cheng, Y., Chu, W., and Cui,
L. Width & depth pruning for vision transformers. In
Proceedings of the AAAI Conference on Artificial Intelli-
gence, volume 36, pp. 3143-3151, 2022.

Yuan, Z., Xue, C., Chen, Y., Wu, Q., and Sun, G. Ptq4vit:
Post-training quantization for vision transformers with
twin uniform quantization. In European conference on
computer vision, pp. 191-207. Springer, 2022.

Zhang, Q., Liu, M., Li, L., Lu, M., Zhang, Y., Pan, J.,
She, Q., and Zhang, S. Beyond attention or similarity:
Maximizing conditional diversity for token pruning in
mllms. arXiv preprint arXiv:2506.10967, 2025.

Zhong, Y., Hu, J., Huang, Y., Zhang, Y., and Ji, R. Erq:
Error reduction for post-training quantization of vision
transformers. In Forty-first International Conference on
Machine Learning, 2024.

Zhong, Y., Hu, J., Lin, M., Chen, M., and Ji, R. I&s-vit:
An inclusive & stable method for pushing the limit of
post-training vits quantization. /EEE Transactions on
Pattern Analysis & Machine Intelligence (TPAMI), 2025.
doi: 10.1109/TPAMI.2025.3610466.



Submission and Formatting Instructions for ICML 2026

Appendix
A. Related Work

Post-Training Quantization (PTQ) has become the practical compression strategy for ViTs on edge devices, enabling efficient
deployment without the need for full training data or extensive retraining costs. Early approaches focused on addressing
the unique activation statistics of ViTs through heuristic metric adjustments and optimization strategies. FQ-ViT (Lin
et al., 2022) introduced power-of-two scaling for LayerNorm and Log-Int-Softmax quantization. PTQ4ViT (Yuan et al.,
2022) utilized a twin-uniform quantization scheme with Hessian-guided metrics to handle the asymmetric distribution of
activations. RepQ-ViT (Li et al., 2023) further advanced this by applying scale reparameterization to decouple channel-wise
variations in post-LayerNorm activations. ERQ (Zhong et al., 2024) proposed a two-step error reduction framework,
utilizing ridge regression and rounding refinement to minimize quantization errors sequentially. To further improve the
representation capability for non-uniform distributions, AdaLog (Wu et al., 2024) developed an adaptive logarithm quantizer
that dynamically selects the optimal logarithm base.

Reconstruction-based methods, which optimize quantization parameters to minimize the difference between full-precision
and quantized feature maps, have recently achieved state-of-the-art performance. This paradigm was pioneered by BRECQ
(Li, Y. et al., 2021) and QDrop (Wei, X. et al., 2022) for Convolutional Neural Networks (CNNs). To bypass the non-
differentiable nature of quantization, these methods typically rely on continuous surrogate variables for weight optimization.
Inspired by their success, recent works have adapted these frameworks specifically for ViTs, focusing on metric robustness
and distribution alignment. DopQ-ViT (Yang et al., 2024) explicitly tackles the distribution mismatch problem by introducing
a distribution-friendly Tan quantizer and an outlier-aware scaling strategy. In terms of sensitivity metrics, APHQ-ViT (Wu
et al., 2025b) improved Hessian estimation using an average perturbation Hessian metric, enabling robust reconstruction
against calibration data noise. More recently, FIMA-Q (Wu et al., 2025a) reformulated block reconstruction with a Fisher-
based objective and introduced a diagonal-plus-low-rank (DPLR) approximation to partially capture additional off-diagonal
correlations. However, estimating such low-rank structures typically involves solving matrix systems, which may introduce
additional numerical sensitivity in practice.

While these methods have advanced PTQ for ViTs, they struggle to accurately capture off-diagonal interactions in the Fisher
structure. Our GPFA-Q addresses this limitation by enabling stable and accurate modeling of such interactions through
gradient projections without explicit matrix inversion.

B. Preliminaries

Uniform Quantization. We adopt the asymmetric uniform quantization scheme widely used in PTQ frameworks (Li,
Y. et al., 2021; Wei, X. et al., 2022; Wu et al., 2025b;a). Given a full-precision tensor X and a target bit-width b, the
quantization and dequantization processes are formulated as:

x_canﬂH,o,zbl), X = s(X—2), (18)

where X and X denote the quantized integer tensor and the dequantized tensor, respectively. |-] denotes rounding-to-nearest,
and clip(-) restricts the quantized values to [0, 2° — 1]. The scale s determines the quantization step size, and the zero-point
z compensates for asymmetric ranges. These parameters are initialized using the min-max method:

(19)

S =

max();)birlnin(X)’ L {—rmsn(X)w _

Block Reconstruction. To mitigate quantization errors accumulated across layers, block reconstruction is widely adopted
in PTQ methods (Li, Y. et al., 2021; Wei, X. et al., 2022; Wu et al., 2025b;a; Jiang et al., 2025; Yang et al., 2024; Zhong
et al., 2025). Prior works motivate this approach by analyzing the loss increase caused by quantization using a second-order
Taylor expansion. Let AW = W — W denote the weight perturbation induced by quantization, and define its vectorized
form as Aw = vec(AW). The change in the task loss can be approximated as:

AL~ AW VL + %AWTHAW, (20)
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where H denotes the Hessian matrix with respect to w. For model weights, since a pretrained model is assumed to be
close to a local optimum, Vw L & 0. As in standard block reconstruction, we also drop the first-order term in activation
space under the assumption of zero-mean and uncorrelated quantization errors. This makes the second-order curvature term
the dominant factor. Optimizing this objective over the entire model is computationally expensive. Block reconstruction
therefore reformulates the optimization at the block level by matching the outputs of each full-precision block and its
quantized block. Consider the [-th transformer block B;(-; W) and its quantized block B;(-; W;). Given calibration inputs
A ~ D, we denote the full-precision and quantized block outputs as

2 = Fi(A; W), 2 = Fi(A; W), @
and define the block-output quantization perturbation as
AZZ = il — Zj. (22)

The baseline block reconstruction objective is then written as:
. 2
melnEAND [||Azl|\2} , (23)

where 6 denotes the optimized quantization parameters, including weight rounding variables and quantization scales for
weights and activations. This objective defines the standard block reconstruction setting used throughout this work.

C. Analysis of Expected Off-Diagonal Terms

Let F € RP*P denote a symmetric Fisher-based curvature matrix, and let Az € R” denote the quantization perturbation.
Consider the quadratic form
Q(Az) = Az FAz = Quiag + Qofr, 24)

where
Qdiag = Z FHAZ'LQy Qof-f = Z FleZIAZ]
¢ i#£]

The expected off-diagonal term over the calibration data is given by:

E[Qoi] =Y Fi; E[AzAz). (25)
i#]
This quantity can be decomposed as:
E[Az;Az;j] = Cov(Az;, Azj) + E[Az]E[Az;]. (26)

When the perturbation mean is small, i.e., E[Az;] & 0, we have the approximation
E[Az Az;] = Cov(Az;, Azj). (27)

Therefore, this quantity is primarily determined by cross-dimensional perturbation covariance. In particular, assume that the
perturbations across different dimensions satisfy

|Cov(Az;, Azj)| < ey, (i # J), (28)

and E[Az;] ~ 0. Using (25) and (27), we obtain the approximate bound

EQor]l < Y IFijleij. (29)
i#£]

If additionally €;; < ¢ uniformly for all ¢ # 7, then

E[Qost]l < €Y |Fil. (30)
i#5

10
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Equation (30) establishes an upper bound that inherently scales with O(D?) due to the summation over D(D — 1) off-
diagonal pairs. Therefore, for the off-diagonal term to remain strictly bounded against dimensional scaling, the magnitude of
the cross-dimensional Fisher elements must asymptotically shrink, satisfying |F;;| = O(1/D?). Under high-bit quantization,
the perturbation covariance bound e is sufficiently small, which, combined with the asymptotic decay of | Fj;|, suppresses
the expected off-diagonal impact. Conversely, when low-bit quantization induces larger and more structured perturbations,
the covariance magnitudes |Cov(Az;, Az;)| may increase across many pairs (i, 7). In that case, the accumulated off-
diagonal term can become significant, making diagonal-only curvature approximations less reliable. Therefore, diagonal
approximations are better justified when perturbations are weakly correlated, whereas low-bit block reconstruction can
benefit from objectives that explicitly account for cross-dimensional interactions.

D. Numerical Instability of the Displacement Gram Matrix

During iterative block reconstruction, dominant quantization error directions are often gradually reduced. As reconstruction
proceeds, the residual displacement vectors can become increasingly concentrated in a lower-dimensional subspace. Let

o7
3y
AZ=| | e RF*P (31)

T
Oy,
denote the displacement matrix, where D is the block-output dimension, k is the number of collected reconstruction steps,

and §; € RP denotes the residual block-output quantization error at step t. Suppose that these displacement vectors
approximately lie in an r-dimensional subspace with r < D, i.e.,

5 ~ Z GomW,  t=1,... k, (32)
m=1

where {u,, }7,_; are basis directions and a; ,,, are scalar coefficients. Then AZ is approximately rank-r, and its trailing
singular values 0,41, - . ., Omin(k,p) become small.

In the extreme case where all displacement vectors are nearly aligned,

O & gy, ueRP, (33)
the displacement matrix becomes
oy
as
AZ~ |  |ul, (34)
ag

which is rank-one. Therefore, as reconstruction proceeds, AZ can become nearly rank-deficient. This degeneracy directly
affects the conditioning of the Gram matrix used in low-rank curvature construction:

Ga = AZAZT € RF*F, (35)

Let the singular value decomposition of AZ be
AZ=UXVT, ¥ = diag(c1, . . ., Omin(k, D)) (36)

where U and V' are orthogonal matrices. Then
Gar=AZAZT =USXTUT. (37)

Hence, the spectral-norm condition number satisfies
o2

k2(Ga) = = = r2(AZ)?, s =min(k,D), (38)
O—S'

11
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Therefore, even a moderate increase in ko (AZ) is amplified quadratically in the Gram matrix. This is problematic because
low-rank correction requires matrix inversion. For an invertible matrix A and perturbation matrix F,

(A+E)'—A'=(A+E)'EA},
[(A+BE)" = A7 < [(A+E)7H B AT,

Ii¢ ) il 1] >
A+E)" —A- E
< (A=l
TA=T] Sy
Applying this result to A = G, we obtain that
(AZAZT)! (40)

becomes highly sensitive to perturbations when G is ill-conditioned. Consequently, explicit low-rank curvature construc-
tions that require inversion of G can become numerically unreliable during later stages of block reconstruction, when the
displacement matrix is close to degenerate.

E. Pseudo Algorithm

Algorithm 1 GPFA-Q Block Reconstruction

1: Input: Calibration data D.,y;;,, target block 5, quantized block B number of sampled gradients «, warmup ratio T,
iterations 7', and SGR schedule A().
2: Qutput: Optimized quantized block B.
# Collect gradient projection basis
3: Compute full-precision block outputs Z using B and D, jip-
4: Compute gradients of the KL divergence with respect to block outputs and sample « gradients to form G,,.
5: Compute the diagonal gradient statistic f.
# Optimize quantized block
6: fort=1,...,Tdo
7:  Sample mini-batch (X4, Z;).
8:  Compute soft-rounded output Zi"’ft from B.
9:  Compute AZ; = Zf"& — 7.
10:  Calculate Lgpr using Eq. 11.
11:  Calculate Lpiag using Eq. 16.
12 if ¢t > 77 then

13: Compute hard-rounded output ZPard,
14: Construct Z5* using Eq. 12.

15:  else

16: Set Zste = Zsoft,

17:  endif

18:  Compute AZS'® = Z5t¢ — 7,

19:  Calculate Lggr using Eq. 14.

20:  Calculate Lgpra using Eq. 17.

21:  Update AdaRound (Nagel et al., 2020) rounding variables and activation scaling factors in B.
22: end for

23: return B.

F. Experimental Setup

Datasets and Models. We evaluate our method on the ImageNet dataset (Russakovsky et al., 2015) for image classification.
We employ representative visual backbones, including ViT (Dosovitskiy et al., 2021), DeiT (Touvron et al., 2021), and
Swin (Liu et al., 2021). To further verify the generalization capability of GPFA-Q, we extend our evaluation to downstream
tasks on the COCO dataset (Lin et al., 2014). We evaluate object detection and instance segmentation performance using
Mask R-CNN (He et al., 2017) and Cascade Mask R-CNN (Cai & Vasconcelos, 2018) with the Swin backbone.
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Implementation Details. All pretrained ViTs are obtained from the timm library, while object detection models are
obtained from MMDetection (Chen et al., 1906). All experiments are conducted on a single RTX 4090 GPU. Following prior
PTQ methods (Li, Y. et al., 2021; Wei, X. et al., 2022; Wu et al., 2025b;a), we randomly sample 1,024 and 256 unlabeled
images from the ImageNet and COCO datasets, respectively, as calibration sets. We use channel-wise uniform quantization
for weights and layer-wise uniform quantization for activations, including post-Softmax and post-GELU activations. We
set the number of sampled gradients to & = 32 and A\.x = 0.5. We strictly follow the original configurations and
hyperparameters provided by the official implementations of each baseline method to ensure reproducibility and fair
comparison.

G. Additional Experimental Results
G.1. Additional Results on Object Detection and Instance Segmentation tasks.

We further evaluate the proposed method on object detection and instance segmentation tasks using the COCO (Lin et al.,
2014) benchmark. Table 3 reports the results under 4-bit quantization for Mask R-CNN (He et al., 2017) and Cascade Mask R-
CNN (Cai & Vasconcelos, 2018) with Swin (Liu et al., 2021) backbones. Overall, GPFA-Q achieves consistently competitive
performance compared to prior reconstruction-based PTQ methods across both detection (APb) and segmentation (AP™)
metrics. In particular, it shows clear improvements on Cascade Mask R-CNN with Swin small, achieving 50.5 AP® and 43.9
AP™. These results demonstrate that the proposed method generalizes beyond image classification and remains effective for
more complex downstream tasks, where accurate modeling of cross-dimensional interactions is also important. For Mask
R-CNN with the Swin-S backbone, we observe discrepancies between reproduced results and those reported in the original
papers, and we mark such cases with .

Table 3. Comparison results on COCO for the object detection and instance segmentation tasks. AP® and AP™ indicate AP®°® and
AP respectively. “W/A” indicates that the bit-width of the weight and activation are W and A bits, respectively. “*” indicates the
results are reproduced by using the official code.*“}” indicates the results reported in the original papers.

Mask R-CNN Cascade Mask R-CNN

Method W/A Swin-T Swin-S Swin-T Swin-S
AP® AP™  AP®  AP™ AP AP™ AP’ AP™

Full-Precision 32/32 460 41.6 48.5 433 504 437 519 450

I&S-ViT (Zhong etal,, 2025)  4/4 375 366 434 403 482 420 503 436
DopQ-ViT (Yang etal, 2024)  4/4 375 365 435 404 482 421 503 43.7
AIQVIiT (Jiang et al., 2025)  4/4 382 367 441 404 471 414 498 434
QDrop (Wei, X. etal., 2022)  4/4 362 354 416 392 470 413 490 425
APHQ-ViT* (Wuetal.,2025b)  4/4 388 380 434, .+ 410 487 425 503 437
FIMA-Q* (Wuetal., 2025a)  4/4 387 377 4334, 407 485 424 503 43.7
Ours 44 390 380 434 410 487 426 505 439

Table 4. Comparison of off-diagonal curvature modeling methods across various ViTs on ImageNet (Russakovsky et al., 2015), reporting
the top-1 accuracy (%). “LR-FIM” denotes the low-rank Fisher formulation used in FIMA-Q (Wu et al., 2025a).

W/A  Method ViT-S ViT-B DeiT-T DeiT-S DeiT-B Swin-S Swin-B
LR-FIM (FIMA-Q) 63.21 77.06  54.99 69.06 76.17 76.35 78.83

3/3 GPR (Ours) 64.37 7743  56.52 69.68 76.61 77.50 79.55
GPFA-Q (Ours) 64.68 77.79  56.92 70.26 76.97 77.74 79.77
LR-FIM (FIMA-Q) 76.23 82.63  66.86 76.50 80.12 81.54 83.36

4/4 GPR (Ours) 76.53 83.03  67.21 76.83 80.32 81.93 83.55
GPFA-Q (Ours) 76.67 83.16 67.34 76.93 80.36 82.07 83.81
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G.2. Ablation Study

Effectiveness of Off-Diagonal Curvature Modeling. Table 4 compares different strategies for modeling off-diagonal
curvature terms during block reconstruction. LR-FIM corresponds to the low-rank Fisher formulation adopted in FIMA-Q,
while GPR denotes the proposed projection-based formulation. GPR consistently outperforms LR-FIM across all evaluated
architectures, with gains observed under both low-bit settings. These results indicate that the proposed projection-based
formulation captures cross-dimensional interactions more effectively than the low-rank approximation. By avoiding explicit
matrix inversion while preserving informative off-diagonal structure, GPR provides a stronger reconstruction objective for
low-bit PTQ.

Effect of the Number of Sampled Gradients o. = DoITT (a06) = DeiT'S (ac0) —o— VIS (ace) —i— VIEE (ace)

We analyze the impact Of the number Of Sampled 80l DeiT-T (time) DeiT-S (time) VIT-S (time) VIT-B (time)
gradients e on quantization performance and recon- x {500
struction time under 3-bit quantization, as shown 751

in Figure 4, for DeiT (Touvron et al., 2021) and
ViT (Dosovitskiy et al., 2021) models. Increasing
« does not yield consistent accuracy improvements
across models. This suggests that a small num-
ber of sampled gradients is already sufficient to
capture the dominant gradient directions for block sl " u 1
reconstruction. In contrast, the reconstruction time
increases steadily with «, reflecting the higher com- . . . . L . . . 0
. . 1 16 32 64 128 256 512 1024
putational cost observed when using more sampled Number of Gradient Samples (&)
gradients Based on this observation, we choose ) )
= 32 as a practical default, which achieves a Fzgureﬁ4 Effect of the number of sampled gradients e on top-1 accuracy
favorable balance between performance and computatlonal cocsltency

65 °

Top-1 Accuracy (%)

Reconstruction Time (min)

Table 5. Comparison of block reconstruction time (in minutes) across different PTQ methods on various ViTs. All measurements are
conducted on a single RTX 4090 GPU. Baseline uses only a diagonal approximation of the Fisher matrix.

Method ViT-S ViT-B DeiT-T DeiT-S DeiT-B  Swin-S Swin-B
APHQ-ViT (Wu et al., 2025b) 65 150 40 60 150 160 215
FIMA-Q (Wu et al., 2025a) 55 130 35 55 130 160 200
Baseline 40 100 27 40 100 100 140
+ GPR 50 115 30 50 115 120 170
+ SGR (GPFA-Q) 55 140 35 55 135 145 205

Table 6. Comparison of structural fidelity to the exact FIM using cosine similarity. Higher values indicate better alignment.

W/A Method ViT-S ViT-B DeiT-T DeiT-S DeiT-B

33 FIMA-Q 51.5 62.5 54.1 359 384
GPFA-Q 62.1 82.5 73.0 57.8 62.8
4/4 FIMA-Q 49.0 67.9 56.8 45.7 44.8
GPFA-Q 62.1 83.9 74.1 63.2 63.3

Reconstruction Time Analysis. We compare block reconstruction time to evaluate the computational overhead of
GPFA-Q against recent PTQ methods. Table 5 reports the reconstruction time of APHQ-ViT (Wu et al., 2025b), FIMA-
Q (Wu et al., 2025a), and our variants on a single RTX 4090 GPU. Compared with the baseline diagonal formulation,
introducing GPR increases runtime due to the additional gradient projection computations, while adding SGR incurs further
overhead. Nevertheless, the GPFA-Q framework remains competitive with prior state-of-the-art methods. Across most
architectures, GPFA-Q achieves reconstruction times comparable to FIMA-Q and consistently lower than or similar to
APHQ-ViT. Combined with the superior accuracy reported in Table 1, these results demonstrate a favorable trade-off
between reconstruction cost and quantization performance.
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Structural Fidelity Analysis via Cosine Similarity. We measure the cosine similarity between the approximated Fisher
matrix F and the exact empirical FIM F . The exact matrix Fy, is computed using per-sample gradients from the
[CLS] token representation. Cosine similarity is evaluated for each transformer block and averaged across all blocks. As
shown in Table 6, GPFA-Q consistently achieves higher similarity than FIMA-Q across models and bit-widths. This indicates
that GPFA-Q better preserves the curvature structure by maintaining gradient directions without destructive absolute value
operations.

H. Additional Visual Comparison of FIM Approximations

Building on the structural fidelity analysis in Appendix G.2, this result is consistent with the qualitative observations in
Figure 1, where GPFA-Q preserves the off-diagonal patterns of the exact FIM, while FIMA-Q fails to retain them. To further
validate this observation, we visualize the full FIM across all dimensions in Figure 5, extending the partial visualization
shown earlier. While the earlier figure presents a subset for clarity, this full visualization confirms that the rich off-diagonal
curvature structure persists across the entire dimensional space. Consistent with the quantitative results, GPFA-Q better
preserves these structures than FIMA-Q.

DeiT-S DeiT-B ViT-S

Exact FIM Diagonal FIM FIMA-Q GPFA-Q Exact FIM Diagonal FIM FIMA-Q GPFA-Q Exact FIM Diagonal FIM FIMA-Q GPFA-Q

Figure 5. Full-dimensional visualization of FIM structures across models, showing comparisons between Exact FIM, Diagonal FIM,
FIMA-Q, and GPFA-Q.
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