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Block Reconstruction and Hessian Metric

 Block Reconstruction Minimizes Quantization-Induced Loss
 Block reconstruction matches the output of a quantized block to its full-precision counterpart.

 Only quantization-related parameters are updated. 
 weight rounding & activation scales

 The loss increase caused by quantization can be approximated using Taylor expansion.

 Previous works ignore the first-order term and focus on the second-order Hessian term.
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1

2
∆𝒛⊤𝐇(𝒛)∆𝒛

 Computing the full Hessian 𝐇(𝒛) = 𝛻𝒛
2ℒ is expensive. 
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Derivation

 Gradient–Perturbation Relation
 This paper assumes that 𝐇(𝒛) is symmetric and locally constant with respect to ∆𝒛. 

 By differentiating the reconstruction objective with respect to ∆𝒛: 

𝛻∆𝒛 ℒrecon ∆𝒛 = 𝒈 = 𝐇(𝒛)∆𝒛

 This equation connects three quantities: 
 gradient 𝒈

 block output perturbation ∆𝒛

 Hessian 𝐇(𝒛)

 Hessian approximation can be viewed as fitting the relation between 𝒈 and ∆𝒛.
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Limitation of Previous Methods

 Sample Independence Assumption
 Recent methods approximate the Hessian using averaged sample information.

 FIMA-Q averages statistics across samples: 𝔼[𝒈] = ഥ𝐇𝔼[∆𝒛].

 These approaches assume independence between samples.

 However, this assumption ignores the covariance term:
𝔼 𝐇(𝒛)∆𝒛 = 𝔼 𝐇(𝒛) 𝔼[∆𝒛] + Cov(𝐇 𝒛 , ∆𝒛)

 This paper shows that the Hessian exhibits substantial sample-wise variation.

 As bit-width decreases, the covariance-induced approximation error becomes significant.
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Proposed Method Pipeline

 LS-ViT: Two-Stage Reconstruction Process
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 Stage 1: Calculate least-squares 
Hessian before reconstruction. 
 Use all pairs of (𝒈, ∆𝒛) from the 

calibration set. 

 Stage 2: Perform block 
reconstruction using the 
estimated Hessian. 
 Update weight roundings and 

activation scaling parameters.
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Least-Squares Hessian Approximation

 Core Idea of LS-ViT

෡𝐇 = 𝑎𝑟𝑔𝑚𝑖𝑛𝐇 𝔼[ 𝐇 𝒛 ∆𝒛 − 𝐇∆𝒛
2

 Instead of averaging sample-wise Hessians, LS-ViT estimates one shared Hessian via least-
squares regression. 

 The estimated Hessian explicitly minimizes approximation error across samples. 

 This makes the Hessian more representative for block reconstruction.
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Reconstruction Metric

 Least-Squares Hessian Approximation
 LS-ViT uses two complementary approximations

 Diagonal Hessian Approximation ( 𝐇(𝒛) = diag(𝐻1,1
𝒛
, 𝐻2,2

𝒛
, … , 𝐻𝑑,𝑑

𝒛
) )

• ෡𝐻𝑖,𝑖 =
σ𝑛=1
𝑁 𝑔𝑖

(𝑛)
∆𝑧𝑖

(𝑛)

σ𝑛=1
𝑁 ∆𝑧𝑖

𝑛 2  ℒLSH,D=
1

2
σ𝑖 ∆𝑧𝑖

2 𝑔𝑖∆𝑧𝑖/ ∆𝑧𝑖
2

• captures individual sensitivity of each parameter. 

 Rank-1 Hessian Approximation ( 𝐇(𝒛) = 𝐮𝐮⊤ )

• ෝ𝐮 =
σ𝑛=1
𝑁 𝒈(𝑛) ∆𝒛 𝑛 ⊤𝒈(𝑛)

σ𝑛=1
𝑁 ∆𝒛 𝑛 ⊤𝒈(𝑛)

 ℒLSH,𝐿=
1

2
∆𝒛⊤𝒈 ∆𝒛⊤𝒈 / ∆𝒛⊤𝒈

2

• captures dominant off-diagonal interactions. 

 Final reconstruction loss combines both terms.

ℒLSH = ℒLSH,D + ℒLSH,𝐿
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Experimental Results

 State-of-the-Art Accuracy
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Efficiency

 High Accuracy with Lower Quantization Cost
 LS-ViT requires only one full-model computation per block. 

 It is 1.8× to 2.7× faster than FIMA-Q. 

 Training time is close to QDrop while achieving better accuracy.
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Ablation Study

 Impact of Independence and Averaging
 Problem with sample-wise Hessian

 Numerically unstable when ∆𝑧𝑖 is small 

 High variance across calibration samples

 Limitation of simple averaging
 Reduces variance 

 But loses sample-wise relationship between 𝑔𝑖 and ∆𝑧𝑖

 Least-squares aggregation reduces variance while preserving sample relationships
 FIMA-Q-D is a simplified case of our formula under the assumption of sample independence

10



SEOUL NATIONAL UNIVERSITY

Department of Electrical and

Computer Engineering 

Conclusion

 LS-ViT provides accurate and efficient low-bit PTQ for practical ViT
deployment.
 LS-ViT formulates Hessian approximation as a regression problem over calibration samples.

 It captures sample-wise relationships ignored by averaging-based methods. 

 It achieves state-of-the-art low-bit PTQ accuracy. 

 It reduces quantization cost by requiring only one full-model computation per block.
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